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Online education options in the K-12 environment have steadily increased from the
infancy of online education at the turn of the millennia. Educators have utilized this format to
meet the many different needs that exist for all students. Early research into the academic success
of students in these environments prior to 2000 indicated there was no significant difference in
student achievement for distance learning as compared to face-to-face learning. Since 2000, there
has been increased focus on student performance in higher education online environments, but
research is limited for K-12 schools. For the research that does exist, school-level variables and
the reasons why students select online environments have not been investigated.
This study examines the within-school and between-school factors that predict the
performance of students in online environments utilizing hierarchical linear modeling (HLM).
The data sample represents information from a regional online school (ROS) that enrolls 9-12
students in online coursework from local schools in the region. The sample included 886
students from 36 local schools. The student-level variables that were investigated included prior
student performance, special education status, student free or reduced-price lunch status, race,
gender, age, and the reason for selecting online coursework. The school-level variables included
in the analyses were school enrollment, percentage of students who qualify for free or reducedprice lunch, school average SAT score, percentage of Black students enrolled, and percentage of

Hispanic students enrolled. This study analyzed student overall performance, mathematics
performance, and English language arts (ELA) performance at the ROS utilizing three models:
the unconditional model, the control model with student-level variables, and the full model with
school-level variables. A fourth model was applied to a subset of the data for each academic area
and included students’ reason for choosing online coursework at level 1.
The results identified multiple significant factors that predicted student performance. At
the student level for all three academic areas, prior academic performance (GPA) was a positive
predictor of student achievement while special education status and qualification for free or
reduced-price lunch were negative predictors. At the school level, the only significant predictor
is the average SAT score which positively predicts overall academic achievement at the ROS.
When the students’ reasons for selecting online coursework were analyzed, health reasons were a
significant negative predictor for overall academic performance. Behavioral reasons were a
significant positive predictor and family reasons were significant negative predictor of
mathematics achievement at the ROS.
The findings on significant predictors of student success in online classes are important
information for students, parents, educators, and others. These findings can provide clarity in
decision making around the placement and support of students. They also provide important
areas of focus for program quality and improvement to support student success. Future research
could investigate further the relationship between special education classifications, other school
level factors, and additional reasons for selecting online courses, on the one hand, and success in
on-line classes, on the other.

© 2021 Cary J. Stamas
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CHAPTER I
INTRODUCTION
Even before the global pandemic, online education options and the number of students
choosing to pursue these opportunities in the K-12 environment have steadily increased from the
infancy of online education at the turn of the millennia. The need for clarity concerning the
success rates of students in these environments and the factors that influence these outcomes is
vital as the percentage of courses offered in the many, varied formats available in online and/or
blended coursework increases. Equipping schools with research that can help inform their
programmatic designs and match effective online formats to the needs of learners facilitates
decision-making and supports students.
This dissertation was designed to expand the research around K-12 online learning by
exploring variables that broaden our understanding of student success in online coursework.
Multiple factors including prior academic success, student demographics, school characteristics,
and the reasons students and parents select online learning or find themselves with no other
option were explored. The results provide insight into students’ potential struggles and facilitates
early intervention for learners. This practical application of the research’s analysis may forestall
the disengagement of students from school and support high school completion.
Background and Problem Statement
History of Online Education
The advent of the internet and its use for education began to transform distance learning
environments almost 25 years ago. Since that time, online education and the use of web-based
tools to augment and provide direct instruction have taken numerous forms, from the use of
online tools in traditional classrooms as part of blended learning, to fully virtual schools where
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the students and teachers only interact asynchronously. The diversity of those implementing
online formats and the users of this delivery method has expanded and now includes public
schools, regional or statewide schools, and private, for profit schools throughout the United
States.
As early as 1996 in North Dakota and 1997 in Florida, statewide virtual schools began to
develop in the United States (Gemin & Pape, 2016). Since that time, technological advances and
legislation to increase opportunities for students in online environments has led to a dramatic
increase in the number of K-12 students enrolling in online education formats. In 2001, there
were approximately 40,000-50,000 K-12 students enrolled in online courses; that number
increased to 300,000 by 2003 and 700,000 in 2006 (Rankin, 2013, p. 25). In 2014-2015,
approximately 2.7 million K-12 students were enrolled in formal online learning programs with
estimates that indicated three million more K-12 students were involved in some form of blended
learning during their school day as a combination of online and face-to-face instruction (Barbour,
2017b). Since the 2014-15 school year, K-12 data for online enrollments has specifically focused
on virtual school enrollments rather than estimates of total online enrollments throughout K-12
schools. However, higher education data indicates that online enrollments continue to increase
with 6,304,928 (31.8%) of higher education students taking at least one online course in 2016
and 6,651,536 (33.7%) in 2017 (U.S. Department of Education, National Center for Education
Statistics, 2019). Whether defined as online learning or blended learning, technology is being
utilized in instructional environments to provide support or content for a growing percentage of
students throughout the United States and the world.
The definitions of online learning and blended learning vary greatly in their application
and usage. While the individual mechanics of each can have many different components, there
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are some basic definitions that multiple sources have identified. Blended learning is commonly
understood to be, in its simplest form, an environment with students whose learning includes
face-to-face instruction combined with online instruction (Means, Toyama, Murphy, Bakia, &
Jones, 2009). The ratio of these two elements in a classroom setting can vary greatly and
inclusion in this category requires that each element has a significant presence in the delivery
model.
Online learning can be understood to represent an environment where students are
receiving their direct instruction via an online delivery tool or learning management system
(LMS), regardless of the student’s physical location whether at school, home, or a public space
(Nguyen, 2015). Compared to blended learning, online learning has less variety in its definition.
However, the individual tools are just as diverse as those utilized in other environments. In
online learning, a face-to-face mentor may support the student in the form of a staff member or
parent. Many students engage in this model for a portion of their total class schedule while others
are considered 100% online, taking all their coursework in this model (Joksimović et al., 2015;
Gemin & Pape, 2016; Greene & Hale, 2017). It is also important to note that there is a distinction
between full time online offerings and supplemental offerings. Supplemental offerings are
described as additional courses past the full class-load that, generally, are selected by motivated
and self-directed students (Archambault & Kennedy, 2017).
Researchable Problem and Review of the Studies
The growing body of research focused on online learning continues to delve into the
many aspects of this educational environment. There has been research which has identified
themes and frameworks around online education, and further work has delved into many
different aspects of this delivery model (Corry & Stella, 2012). The factors that impact student
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achievement, the aspects of online learning that have proven most beneficial in their application,
and the characteristics and actions of specific online learners that contribute to success have also
been topics of research. Considering this work, there have been models designed to predict
success in virtual learning environments studied for K-12 and higher education students. These
models have yielded results that are predictive, but depend upon data points accessible postenrollment (Carson, 2011; Fonti, 2015; Kruger-Ross & Waters, 2013; Rankin, 2013; Roblyer,
Davis, Mills, Marshall, & Pape, 2008).
The prolific growth of online education in its varied forms occurred as a function of
convenience and the demand for variety without evidence that these forms of distance learning
were effective. Analysis of the efficacy of online learning has followed the demand-driven
growth of this learning format. Online education in higher education has been found to be as
effective or more effective by multiple studies (McCutcheon, Lohan, Traynor, & Martin, 2015;
Means, Toyama, Murphy, & Baki, 2013; Nguyen, 2015). For K-12, there exists less research and
the results that do exist indicate overall that often online learning is less effective (Ahn &
McEachin, 2017; Carpenter, Kafer, Reeser, & Shafer, 2015; Hallam, 2015; Harris-Packer &
Ségol, 2015).
Accessibility to these environments is as variable as the models that exist. Students
enrolled in a traditional high school have options that include online enrollment as part of their
school day at their school or via regional or statewide schools. Many individual states have
created virtual schools that are online schools servicing the entire state and may provide
instruction for a single class or 100% of a student’s coursework (Gemin & Pape, 2016). Charter
online schools, often referred to as Cyber Charter Schools, are also prevalent and are frequently
supported by national companies, such as K-12 and Connections Academy (Natale & Cook,
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2012). Fully online schools do not have a physical attendance requirement and content is
delivered 100% online. As such, they accept students from throughout their region and, possibly,
state. So, unlike individual online classes offered within a high school to current students, these
schools are bringing together students from multiple local high schools that each have their own
set of factors that may impact the success of students choosing to enroll in online learning. The
numerous regional and state online options create a need for an analysis that considers a multilevel approach to account for the different schools that students attend prior to their online
enrollment. The literature review for this dissertation identified only one single research project
that utilized multi-level modeling to control for the effects of the previous school attended by
students. This methodology was utilized to control for school factors that may impact student
success such as resources provided, technical support, and school culture, but did not include any
school-level variables (Liu & Cavanaugh, 2011).
School-level factors have been shown to impact student achievement and the differences
between schools can account for a low of 5-10% to a high of 20-25% of the variability in
achievement on standardized tests based on the grade and content (Fahle & Reardon, 2018).
Specific school factors identified as significantly impacting achievement include school size
(Ross, 2019), which has a positive impact on achievement for Black and Hispanic students, and a
negative impact on achievement for students with an Individualized Education Program (IEP) or
low Social Economic Status (SES). School SES and racial composition have also been identified
as a significant school factor impacting achievement (Armor, Marks, & Malatinszky, 2018;
Brunner, Keller, Fischbach, & Lüdtke, 2018; Fahle & Reardon, 2018).
Despite the growth in the options available to students and parents, there is also a limited
understanding about why students select online formats for learning and the need to analyze
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these choices exists (Artino, 2010). Further, the options of school choice, vouchers, and the
development of charter schools to provide opportunities to students and parents for flexibility
and alternative environments different from traditional brick-and-mortar schooling have
contributed to the dramatic increase in online and blended offerings. As a result, traditional
environments have been forced to adapt or lose enrollments (Archambault & Kennedy, 2017;
Barbour, 2017a; Greene & Hale, 2017).
While the majority of research focused on online education has been done at the highereducation level, there continues to be an effort to increase the amount of research into the K–12
setting (Nguyen, 2015). However, to fully understand the successes and best practices for online
education, “there is a need for objective empirical research on academic outcomes for students
engaging in blended and or online learning” (Greene & Hale, 2017, p. 147).
Deficiency Statement
The ability to predict student success in online courses in a timely manner or prior to
enrollment is needed to inform decision-making and intervention strategies for K-12 students.
The current body of research in this area has focused primarily on student characteristics and the
environmental characteristics of the online learning experience (Lui & Cavanaugh, 2011). While
this has included student demographic information, it also consistently includes student attitudes
toward online learning and their behaviors, such as the frequency of their interactions with the
LMS. These data points become accessible only after students are engaged or complete online
coursework. A clearly defined set of factors that can help predict student performance prior to
entry into an online educational environment has yet to be identified. This can potentially delay
the implementation of supports and interventions.
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This work is also hampered by the lack of research considering factors from the previous
schools attended by students. With one exception, the work that does exist in this area was not
designed to account for the characteristics of the prior school attended by students utilizing
multi-level modeling. The one example that does exist (Liu & Cavanaugh, 2011) does not
identify any specific school-level variables for analysis. This lack of consideration for schoollevel factors of the educational environment students attended prior to enrollment in online
coursework neglects factors that may impact their performance online.
Finally, the connection between the reason for choosing an online environment and
academic performance remains relatively unstudied, especially considering the easy accessibility
that exists for the many online options from which students can choose for online courses. These
deficits present difficulties for parents and educators attempting to provide research-based advice
on the choice to engage in online coursework. As such, intervention efforts are reactive based on
the students’ performance once engaged in the coursework, rather than predictive to provide
immediate supports as they first enter these environments.
Significance
This study is important to the parents of students enrolled in or considering online
courses, educators advising these students and parents, and administrators designing and
supporting these programs. Data that identify the characteristics of students and schools that lead
to online success and predict the success and struggles of students not only helps advise those
considering this educational environment, it also aids the design and implementation of systems
of support for students in this environment. This study also adds to the knowledge base of
research surrounding student achievement in K-12 online schools and the implications of choice
on success in online education.
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Purpose Statement and Research Questions
This dissertation was designed to identify predictors of high school student success
within a regional online school, where such students had previously attended multiple local high
schools. It considered the characteristics of both students and the prior school they attended,
utilizing a multi-level model to develop the understanding of the impact of these factors on
student achievement in online coursework, while also considering the reasons students identified
for choosing online environments to determine if such reasons were impactful on achievement.
The independent variables identified as prior academic performance include: overall GPA
prior to entry into an online environment, GPA in English/Language Arts (ELA) classes prior to
entry into an online environment, and GPA in Mathematics classes prior to entry into an online
environment. Each of these variables was analyzed individually. The demographic characteristics
of the students in the study include grade level that the student first enters an online environment,
as a proxy for age; socioeconomic status (SES), as defined by qualification for free/reduced
lunch (FRL); special education status; gender; and race coded as Non-White vs. White. A cohort
variable was also included to identify the school year each student entered the regional online
school to control for the year-to-year programmatic changes that may impact student
achievement. The reason for choosing an online environment is identified by counselors during
the advising of students and parents upon entry into the online school. The categories for such
reasons were determined by the school counselors based on their experience working with
students. At the school level, variables for the previous school attended included were: the
previous school’s average SAT score, enrollment, percentage of students that qualify for free or
reduced lunch, the percent of students who are Black, and the percent of students who are
Hispanic.
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The dependent variables included that define student success in online courses are overall
GPA after entry into an online environment, GPA in English/Language Arts (ELA) classes after
entry into an online environment, and GPA in Mathematics classes after entry into an online
environment.
Utilizing data from a county-wide grade 9-12 regional online school (ROS), this study
focused on the research questions which follow.
1. What is the profile of students taking K-12 online courses in a ROS, including student
and school variables, reasons for choosing online classes, and success in such classes?
2. What percentage of the variation in student achievement in online courses is
accounted for by between-school variables?
3. What student-level and school-level variables are the significant predictors of student
achievement in online courses?
4. After controlling for student-level and school-level variables, what percentage of
variation in student achievement is explained by a student’s reasons for choosing
online coursework? Which reasons are significant predictors of student success in
online courses?
Conceptual Framework
This study analyzed the prior academic performance of high school students who
completed online classes, the prior school they attended, and their reason for choosing online
coursework to determine if such factors can be utilized to predict their success in an online
learning environment. Building on previous findings, my study was designed to focus on
individual student academic factors that included past high school GPA in all classes, ELA
classes, and Math classes as potential indicators of future online success while controlling for
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each student’s SES, Non-White vs. White, gender, special education status, grade level, and
cohort. Rankin (2013) found that a student’s prior grade point average (GPA) had a significant
relationship with achieving a passing grade in an online course, and GPA was included in my
study for all coursework, and for ELA and Math courses. Age was also found to be significantly
predictive of performance in online coursework (Roblyer, Davis, Mills, Marshall, & Pape, 2008),
and my study accounted for age by utilizing the grade level a student enters into the online
school as a proxy for age. Research by Kaupp (2012) found that ethnicity, specifically Hispanic
descent, was a significant factor indicating lower online performance for higher education
students; race/ethnicity coded as Non-White vs. White was included in my study to determine if
it has a significant impact on student achievement in online coursework. Liu and Cavanaugh
(2011) identified the connection between online performance and socioeconomic status (SES),
indicating a significant relationship. Gender has also been identified as a significant predictor of
success with female students having a higher success rate (Fonti, 2015). Gender and SES are
included in my study.
Previous research has also identified significant school-level variables such as school size
(Ross, 2019), school SES, and percentage of Black and Hispanic students enrolled (Armor,
Marks, & Malatinszky, 2018; Brunner, Keller, Fischbach, & Lüdtke, 2018; Fahle & Reardon,
2018). My study included average SAT scores as an indicator of school student achievement, as
the SAT is a requirement for every junior-level student in the state. School FRL percentage,
enrollment, the percent of students that are Black, and the percent of students that are Hispanic
were also included at level two.
The impact of the reason for choosing an online format was also considered to determine
how it affects success rates for students in the online environment. Figure 1 provides a visual
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representation of the relationship among the factors in this study and the outcome variables of
GPA in all online classes, GPA in ELA classes online, and GPA in Math classes online.

Previous School Profile:
 Percentage of FRL
 Average SAT
 Average Enrollment
 Percentage of Black students
 Percentage of Hispanic
students
Student Demographics and Prior
Performance:
 GPA
o All classes
o Math classes
o ELA classes
 Non-White status
 FRL status
 Gender
 Grade Level (proxy for age)
 Special Education
 Cohort

Student Outcome:
 GPA in all online courses
 GPA in online Math
courses
 GPA in online ELA
courses

Reason for Choosing Online
Courses:
 Attendance
 Behavior
 Family
 Health
 Flexibility
 Other

Figure 1. Modeling student and school factors impacting online course success.
Methods Overview
This study utilized multi-level modeling to quantitatively complete a post-hoc secondary
analysis of data from an existing database to identify predictors of success in online classes. The
11

data represent demographic and performance information gathered by counselors during the
registration of 1,954 students and their subsequent performance in online courses at a regional
online school (ROS) in a Midwest state. For this study, quantitative methodology was selected
for its ability to identify factors that influence outcomes (Creswell, 2009, p. 18). The students are
grouped by the local high school they attended prior to their enrollment in the ROS, thereby
creating a multi-level or hierarchical relationship. Considering the structured nature of the data
set, multi-level modeling was utilized because it is sensitive to the shared variance that exists in
multi-level structures (Woltman, Feldstain, MacKay, & Rocchi, 2012).
Definition of Terms and Variables
Numerous terms and data points are utilized throughout this study. Their definitions and
an explanation of the data collection methods are listed below:
Independent Variables
Student demographic and prior performance variables that were analyzed as predictors of
success.
● Grade Level (GRADE): Identified grade level of students when first entering the ROS
as defined by their sending school. Possible values are 9, 10, 11, 12, and 13.
● Socioeconomic Status (FRL): Students identified as qualifying for free or reduced
lunch (FRL) based on Federal Guidelines. Possible values are “Yes” and “No” where
“Yes” indicates the student does qualify for free or reduced lunch rates.
● Race/Ethnicity (NONWHITE): Self-identified race and ethnicity. Possible values are
American Indian (N), Asian (A), Black (B), Hispanic (H), multi-racial (MR), native
Hawaiian/Pacific Islander (P), and White (W) dummy coded as White (0) and NonWhite (1).
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● Special Education (SPED): Student status as a Special Education student is based on
the presence of an Individualized Education Plan (IEP). Possible values are “Yes”
and “No” where “Yes” indicates the student does have an IEP.
● Gender (GENDER): Student gender as identified in the student information system
(SIS).
● Cohort (CHORT): Groupings identified by the year individual students entered the
ROS to control for the year-to-year programmatic changes.
● GPA for all classes prior to enrollment in ROS (PGPA) represented as a number
between 0 and 4.0.
● GPA in ELA classes prior to enrollment in ROS (PEGPA) represented as a number
between 0 and 4.0.
● GPA in Mathematics classes prior to enrollment in ROS (PMGPA) represented as a
number between 0 and 4.0.
● Reason for Choice of Online Coursework: Self-identified reason for selecting the
online program as determined during the student’s intake meeting with a school
counselor. Possible values are listed on the intake form (Appendix A) and each was
dummy coded into a student-level variable for each category identified.
○ Attendance (ATTEND) dummy coded as not an identified reason (0) and
was identified as a reason (1).
○ Behavior (BEHAV) dummy coded as not an identified reason (0) and was
identified as a reason (1).
○ Family (FAMILY) dummy coded as not an identified reason (0) and was
identified as a reason (1).
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○ Health (HEALTH) dummy coded as not an identified reason (0) and was
identified as a reason (1).
○ Flexibility (FLEX) dummy coded as not an identified reason (0) and was
identified as a reason (1).
○ Other (OTHER) dummy coded as not an identified reason (0) and was
identified as a reason (1).
School-level Variables
Each student had their level 2 school defined as the previous school attended or the
school that has enrolled them in the ROS. There are students who transferred into a school and
never attempted a class at that school, and still, this school will be identified as their previous
school. The reasons why a school sends students to the ROS is part of the characteristics of the
level 2 school and these factors are important to consider for this analysis. A student who
attended multiple high schools prior to enrollment will still be connected to the school that
enrolls them in the ROS.
● Average SAT (SAT): School’s average SAT score from 2015-16 through 2018-19.
● Average enrollment (ENRL): School’s average enrollment from 2013-14 through
2017-18.
● Average percentage of students qualifying for free or reduced lunch (SCFRL):
School’s average percentage of students who qualify from 2013-14 through 2017-18.
● Average percentage of Black students enrolled (SBLACK): School’s average
percentage of Black students enrolled from 2013-14 through 2017-18.
● Average percentage of Hispanic students enrolled (SHISP): School’s average
percentage of Hispanic students enrolled from 2013-14 through 2017-18.

14

Dependent Variables
Student variables that are indicators of success and were analyzed to determine what
level of influence, if any, the independent student variables and school variables have on them.
● GPA in classes after enrollment in ROS (ROSGPA) represented as a number between
0 and 4.0.
● GPA in ELA classes attempted after enrollment in ROS (ROSEGPA) represented as a
number between 0 and 4.0.
● GPA in Mathematics classes after enrollment in ROS (ROSMGPA) represented as a
number between 0 and 4.0.
Chapter I Summary
The research surrounding the performance of students in online coursework is emerging
and the majority has been focused on higher education enrollments. For students in K-12 online
programs, the research is less robust despite the large number of student enrollments and
dramatic increases in the presence of online and blended learning in K-12 schools (Nguyen,
2015). This study was intended to expand the body of work concerning K-12 online coursework
by analyzing the impact of multiple factors on student performance at both the student and
school levels and by exploring the significance of student choice as a predictor of student
performance online.
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CHAPTER II
LITERATURE REVIEW
Online learning continues to be an ever-growing portion of the courses offered in K-12
settings throughout the United States and globally. Research surrounding online courses and
blended learning has steadily increased in the higher education arena, but, for the online and
blended options offered in K–12 schools, the research is still limited. A review of the available
studies that have been completed for all educational settings, including higher education
offerings and K–12 educational environments, is imperative when considering research that will
analyze student success in online learning environments.
This chapter is a review of the pertinent research that summarizes the current
understanding of the body of knowledge surrounding online education. It is divided into four
sections: (a) student achievement in online environments which summarizes the research that
describes the relative success of online students as compared to face-to-face instruction from an
overall perspective and based on specific variables, (b) work done to develop predictive models
that can be utilized to anticipate whether students will have success or struggle in online
environments, (c) school-level factors impacting student achievement, and (d) the factors that
influence student or parent choice when selecting online learning formats. In each of these
sections there is a review of research and a discussion of how this information informed the
design of my research.
Student Achievement in Online Learning Environments
Online learning, since its inception approximately 20 years ago, has transformed distance
learning from a delivery method limited by technology which made synchronous communication
difficult and lacked an engaging nature. New interactive opportunities, the transformation of
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formatting options for knowledge, and the ease of communication have provided a myriad of
possibilities for online instruction. Much of this transformation occurred prior to any evaluation
of the effectiveness of these new approaches or the determination of which students may be more
successful in these learning environments (Dillon & Tucker, 2011). The efficacy of online
education has since been investigated and student achievement in online environments has been
analyzed a number of ways in higher education and, to a lesser extent, in K-12 schools. The next
section summarizes the analyzed factors. These include student demographics, special education
status, prior academic success, student behaviors, school choice, student emotions, and student
perceptions, which have all been considered, to varying degrees, for students in higher-education
settings.
Efficacy of Online Learning
Distance education, in all its many forms, has been analyzed for decades, and based on
the analysis of the body of research by Russell (1999), there had been an established
understanding that there exists “no significant difference” between the outcomes in face-to-face
learning when compared to distance learning. Russell’s analysis of 355 research studies that were
conducted between 1928 and 1998 was focused on all aspects of distance learning, not specific to
online education. Yet, in an analysis of the same studies considered by Russell, Ramage (2002)
claimed that Russell’s conclusion of “no significant difference” was unjustified. Based on
Ramage’s review, the studies were generally flawed because they failed to account for the large
variability in the implementation and usage of technology as a delivery method. The differences
that existed across classrooms, instructors, and schools were not considered; thus, according to
Ramage, Russell’s conclusion lacked validity. Ramage equated this to the difficulty associated
with concluding that any instructional method utilized in traditional classrooms is significantly
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impactful because the variability among classrooms is difficult to account for or is ignored in the
research designs utilized. Research has since been completed to analyze this question at both the
higher-education and K-12 levels.
Higher education. In the years following Russell’s (1999) claim of “no significant
difference” and Ramage’s (2002) questioning of the validity of that claim, further research has
continued to analyze online education’s efficacy. The results of these studies either support the
claim of “no significant difference” between educational formats in higher education or have
found online learning in higher-education settings to have a significantly higher level of student
achievement when compared to face-to-face learning formats.
No significant difference. Summers, Waigandt, and Whittaker (2005) conducted an
analysis of the achievement of higher education nursing students in an undergraduate statistics
course offered in both online and traditional formats. The results of this study indicated there was
no significant difference in the students’ final grades. The researchers did determine that,
regardless of academic performance outcomes, online students were significantly less satisfied
with aspects of the course. Similarly, research by Reuter (2009) in a study of almost 100 highereducation students enrolled in a soil science laboratory course was conducted to determine
whether there were achievement differences between the on-campus course and the same online
course. The results indicated that there was no significant difference between the students’
overall grades or their lab assignment grades when comparing the formats.
These results were mirrored in higher education research with Zacharis’ (2010) study of
161 higher education students enrolled in a computer science course presented in both online and
traditional formats. No significant difference in course grades was indicated by the analysis
which was also the finding in Horspool and Lange’s (2012) work studying higher-education
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students taking a Principles of Microeconomics course. The study looked at 119 online students
in the course and 71 students enrolled in the face-to-face class. These courses were taught by the
same instructor who utilized the same methodology, content, and materials. The results once
again indicated there was no significant difference in student performance as measured by course
grades. This type of research design resolves the limitations noted by Ramage (2002) at the start
of this section by reducing or eliminating many of the confounding variables that occur when the
instructor is not a constant.
Further work by Wuellner (2013) analyzing the grades and depth of understanding
relative to Bloom’s Taxonomy of 105 higher education students who were enrolled in online and
face-to-face natural resources classes taught by the same instructor also indicated no significant
difference in student grades. This study did produce mixed results for the level of student
comprehension, finding there were significant differences in the Bloom’s level of student
knowledge in one of the two courses analyzed. The face-to-face students enrolled in that course
showed significantly deeper comprehension as measured by Bloom’s Taxonomy. The student
comprehension levels for the other class indicated that there was no significant difference
between online and face-to-face students.
Significant differences. Other research has found significant differences in student
outcomes. Results indicating that face-to-face formats were less successful were determined by
Lim, Kim, Chen, and Ryder (2008) in a study of 153 undergraduate students taking courses in an
online instructional format, via traditional face-to-face instruction, and in a blended instruction
model. Their findings indicated that there was a significant difference in student outcomes, with
blended instruction and online instruction having significantly higher levels of student
achievement when compared to traditional instruction.
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On the other hand, Ashby, Sadera, and McNary (2011) found a contradictory result that
initially indicated face-to-face students significantly out-perform both online and blended
students. They compared the performance of 167 students in Developmental Math courses in
face-to-face, blended, or online formats at a community college. However, when controlling for
attrition by only studying the results for students who finished the course, face-to-face students
performed significantly poorer than students in the other formats. This finding serves to highlight
a factor to be considered for future research or meta-analyses that compare the body of research
by noting that the dropout rate was higher in both online and blended environments as compared
to face-to-face environments.
K-12 research. As previously mentioned, research on the efficacy of K-12 online
learning is not as robust as the literature surrounding higher education (Nguyen, 2015), and for
the research that does exist, the findings are generally contrary to the results indicated in the
higher education findings. For example, Carpenter, Kafer, Reeser, and Shafer (2015) studied the
performance of K-12 online students and schools throughout the state of Colorado by comparing
the results for online schools and brick-and-mortar schools utilizing results on state assessments
and school accountability scores. The analysis of the data initially compared the results for all
schools in Colorado and secondarily, performed an analysis that compared schools in Colorado
that matched demographic profiles. The analysis utilizing data for all schools for comparison
indicated that the performance of online schools was significantly below the performance of
brick-and-mortar schools. When schools with matched demographic profiles were analyzed,
student achievement in online education was never significantly higher for any of the individual
schools, and there were multiple instances where online schools performed significantly lower
than that of matched schools with traditional learning environments.
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These findings were supported by the results of Hallam’s (2015) quantitative study that
compared the performance of 398 at-risk high school students retaking a Mathematics I class.
Students were enrolled in either a face-to-face or blended online format for this course. The
analysis utilized pre-test and post-test data and the results of the study indicated that students
performed significantly better in the face-to-face format when compared to the blended learning
format.
Harris-Packer and Ségol’s (2015) work reviewed the reading and mathematics
proficiency of K-12 students enrolled in schools across 10 states, utilizing data provided by the
respective Department of Education in each state. They analyzed the proficiency of students
enrolled in online schools to those enrolled in traditional schools. The results indicated that
students enrolled in online schools performed below average when compared to traditional
schools in 8 out of the 10 states. There were, however, individual online schools that performed
as well or better than traditional schools in the study, indicating that online success was possible
in online K-12 schools, but that it was not the normal result in this environment.
Further work that performed an analysis of the 1.7 million students enrolled in K-12
education in the state of Ohio analyzed the enrollment patterns and performance of students in
traditional schools, online schools, and charter schools. The results of this study indicated that
students enrolled in e-schools performed significantly worse on standardized assessments when
compared to students in traditional public and charter schools (Ahn & McEachin, 2017). Overall,
the results summarized in the limited body of work focused on the performance of students
enrolled in K-12 online education indicate that the instruction in place for online coursework is
less effective than the content delivery in traditional K-12 classes.
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Meta-analyses. In the original meta-analysis of distance education in Russell’s (1999)
work, 92% of the studies indicated distance learning, which includes online learning, was as
effective or more effective than traditional learning environments. As noted previously,
Ramage’s (2002) subsequent claims brought these results into question by citing issues existing
around the level of rigor in the early studies, the methodology utilized, and the idea of selection
bias that motivated researchers to initiate a number of recent meta-analyses of the current
literature surrounding this topic.
In their meta-analysis, Bernard et al. (2004) studied distance learning relative to
traditional learning by analyzing 232 studies containing 688 independent achievement, attitude,
and retention outcomes. The included studies grouped online learning within the definition of
distance learning and the result of the meta-analysis indicated a high level of variability with
zero effect size for each of the two outcomes. This leads to the conclusion that distance learning
has great variance in student achievement outcomes, while averaging a result of no significant
difference relative to student achievement in face-to-face instruction. A deeper level of analysis,
which divided the definition of distance learning into those programs that utilized synchronous
and asynchronous online learning, yielded results for student achievement, showing that students
in traditional classrooms performed better when instruction is synchronous and distance
education students performed better with asynchronous instruction. It is important to restate that
this study was not specific to online learning and included online learning as a component of
distance learning as a broader topic.
Additional meta-analyses have also utilized a broader definition to compare traditional
instruction to distance learning. Machtmes and Asher (2000) compared adult and highereducation courses that utilized video and audio components and found no significant difference
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in the 19 studies analyzed. Similar results were found by Zhao, Lei, Yan, Lai, and Tan (2005) in
their meta-analysis focused on distance education. They determined no significant difference
between distance education and face-to-face education with a wide variance in outcomes for
distance education as there are for face-to-face environments, citing pedagogical and technical
factors. For the technical factors, a blended environment that included a 60-80% mix of
technology with face-to-face instruction was significantly more effective.
In their meta-analysis, Tallent-Runnels, Thomas, Lan, Cooper, Ahern, Shaw, and Liu
(2006) considered four factors surrounding online courses: online class environment, student
outcomes, student characteristics, and organizational factors. Their analysis of the cognitive and
achievement results for students in online learning resulted in two significant conclusions. First,
regardless of the measure of student success (assessment scores, overall grade, student GPA, and
performance-based evaluation), online learning was overwhelmingly determined to be as
effective as traditional learning environments. Second, quality course design and implementation
by instructors were factors that impacted student achievement.
Means et al. (2009) performed a meta-analysis of research on online education between
1996 and 2008. They identified 1,000 empirical studies focused on online learning but, utilizing
screening methodology that required rigor in the study, focus on student outcomes, adequate
information on effect size, and specific focus on a comparison of online and face-to-face
instruction, the resulting meta-analysis was based on 51 statistical effects. The results of their
analysis identified the lack of research surrounding student achievement and outcomes. They
also found that, on average, online students performed significantly better than face-to-face
students, although they cite confounding variables that limit this claim. This limitation was also
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true for their finding that blended learning produced greater student achievement than 100%
online learning coursework and purely face-to-face instruction.
In a more recent meta-analysis of empirical literature, Means, Toyama, Murphy, and Baki
(2013) reviewed the work of previous studies (e.g., Bernard et al., 2004; Cavanaugh, Gillan,
Kromrey, Hess, & Blomeyer, 2004; Machtmes & Asher, 2000; Sitzmann, Kraiger, Stewart, &
Wisher, 2006; Zhao et al., 2005) in a study reminiscent of their previous study for the U.S.
Department of Education in concert with Jones, cited above. Their review identified concerns
with a lack of specific focus on online learning as opposed to the broader topic of distance
learning, the practice of mixing studies that utilized difference outcome data, and the inclusion of
studies whose design elements led to conclusions with questionable validity. To combat these
issues, the authors outlined the need for a statistical synthesis of the research on the effectiveness
of online learning, utilizing strict criteria for the studies included in this work. These first
criterion was to only include studies of web-based learning, thus removing video courses, audio
courses, and “stand-alone, computer-based instruction.” Second, only studies with “randomassignment or controlled quasi-experimental designs” were included to ensure the highest level
of validity. Third, all effects were “based on objective and direct measures of learning.” This
final limitation eliminates factors based on student or teacher perceptions and other confounding
variables. These steps addressed their concern that earlier research on distance learning grouped
all distance learning models together in their analyses, reduced their concerns with the validity of
individual studies and previous meta-analyses, and the diverse and mismatched variables that
some studies utilized. They further stressed that, with the emerging capabilities and expectations
for online learning, the need to focus on online learning’s efficacy separate from the general
category of distance learning was necessary. Based on these criteria, they compared 50 studies
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that analyzed relative student performance in online, face-to-face, and blended instruction for
both K-12 and higher education students. The results indicated that students had moderately
higher achievement in blended environments when compared to face-to-face instruction.
However, when blended learning was not included in the study, there was no significant
difference between online and face-to-face instruction. Of note is the result from this metaanalysis that age was not a significant factor which indicates that the grade level of students was
not a factor impacting achievement.
Another recent exploration completed by Nguyen (2015) focused on multiple studies that
produced mixed results which, to some extent, support both Russell and Ramage’s conclusions.
Nguyen found “a large number of studies” (p. 310) indicated online learning produced a modest
positive impact on student achievement with “many, many more studies that found null findings
for the effect of online learning” (p. 312). At the same time, Nguyen identified a concern for
selection bias issues stemming from the idea that students who self-select into the online format
may have characteristics that are supportive to online success. Caution was urged about making
conclusions prior to thorough examination, thereby supporting Russell’s advocacy for
experimental design.
McCutcheon, Lohan, Traynor, and Martin (2015) reviewed 17 papers focused on the use
of an online learning format and two studies utilizing a blended learning approach to develop the
clinical skills of students in undergraduate programs for nursing. This work found that the online
learning format was no less effective than traditional classroom instruction. In their metaanalysis of the efficacy of online instruction for licensed health care professionals, Richmond,
Copsey, Hall, Davies, and Lamb (2017) compared online delivery to workshop or lecture
delivery and delivery via a manual for content specific to clinical interventions. The results for
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delivery via workshops and lectures found “low quality evidence” that there was no significant
difference between these face-to-face formats and online delivery for the acquisition of technical
skills for the trainees. Online delivery was found to be significantly superior to content delivery
with a manual, but the evidence was, once again, “low quality.” Richmond et al. cited the lack of
quality evidence and a limited body of research in this area and called for quality research to
answer the question of instruction for clinical interventions.
Overall, previous research focused on the achievement of students in higher-education
environments indicates that student performance in online coursework is as effective as or has a
higher effectiveness than traditional educational environments. Looking closer at the definition
of online learning, the blended learning subset of online learning tends to produce more
significant results. As we will find in the next section, the overall findings for higher education
are not necessarily reflected in the research that exists for students in K-12 learning
environments.
Prior Academic Success of Higher Education and K-12 Students
The body of research focused on the performance of students in online coursework has
consistently shown that the prior academic performance of students in traditional and online
coursework is a strong predictor of their future success in online coursework. The data used to
measure a student’s academic success can be represented by different variables including credit
earned in a course, the student’s grade in the individual course, or their overall GPA. A review of
the research indicates that the most utilized variable is a student’s GPA.
Early research in this area did identify GPA, in concert with other factors, to be a
significant factor in predicting K-12 student success in online coursework (Roblyer, Davis,
Mills, Marshall, & Pape, 2008). The other significant factors included an indication of whether
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the student earned credit or passed a course and, as was also the case of the following research,
the student’s reading comprehension level. In 2010, Garman investigated the degree to which a
student’s reading comprehension level, as measured by the Cloze Test, was a predictive factor of
a student’s performance in an online higher education database management course. The results
of this study indicated there was a significant relationship between a student’s reading
comprehension level and their course success and exam performance. The results, however,
indicated that reading comprehension was not found to be a significant predictor for success on
class assessments that did not have time constraints for completion, such as online open-book
quizzes, or for class projects that were not overly dependent on the reading of information to
understand the project requirement and successfully complete the assignment.
In recent years there has been a greater focus in the body of research on student GPA as a
predictive factor for their success in online coursework. While analyzing student persistence in
online community college courses, Harrell and Bower (2011) developed a predictive model that
indicated a combination of auditory learning style, GPA, and basic computer skills were able to
statistically predict student success.
In a study that specifically considered K-12 students in online courses, Rankin (2013)
analyzed the performance of 449 students enrolled in online courses in a single Virginia school
division. The results of this analysis indicated that GPA, in combination with the student’s
demographic characteristics, had a high degree of accuracy in predicting their academic success
and a moderate degree of accuracy in predicting a student’s failure.
A similar study that conducted an analysis of the performance and graduation outcomes
for 9th and 10th grade students enrolled in online courses in Florida between 2006 and 2012 was
initiated to determine the success rate of students in the individual course, their success in
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follow-up courses in that content area, and whether students were on track to graduate in their
senior year of high school. The study distinguished between those students taking a class online
in their first attempt at the course and those retaking a course in an online format after failing the
course in a traditional format. The results of the analysis indicated that students who were taking
a course online for their first attempt had a greater likelihood of passing the course while having
a reduced likelihood of passing a subsequent course in the same content area and a reduced
likelihood of being on track to graduate. Students retaking courses online after failing in a
traditional environment regardless of whether the enrollment was their first online course, were
more likely to pass the course, more likely to pass a subsequent class in the same content area,
and more likely to be on track to graduate (Hart, Berger, Jacob, Loeb, & Hill, 2019).
Further work analyzing the performance of community college students in online courses
by Hachey, Wladis, and Conway (2014) determined that a student’s GPA from prior academic
work was a significant factor in determining a student’s online success for students with no prior
experience in online coursework. For those students with prior experience in online courses, their
GPA was not a significant predictor of success in online courses. For all students, their prior
success or failure in online courses were both predictive factors of student future success
regardless of a student’s GPA. This result was replicated in a similar study that included the
performance of community college students in online STEM courses. The results of the analysis
indicated the student’s GPA was a significant predictor of success in the online course. When
their prior online success was also considered as a variable in the analysis, it was a more
significant predictor of future online success than the student’s GPA (Hachey, Wladis, &
Conway, 2015).
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In a study of collegiate students’ performance in traditional courses vs. blended courses,
Asarta and Schmidt (2017) found that students with a low GPA performed better in a traditional
course format while students with a high GPA performed better in the blended-learning
environment. Additionally, the impact of a student’s prior academic performance on their future
achievement in online courses was much more powerful when they are working in a blended
learning environment as compared to a traditional classroom environment.
The results indicate that a student’s prior academic success is a significant factor when
predicting future success in online courses. In my present study, prior academic performance was
included as an analyzed factor. Each student’s GPA was calculated based on the grades and
credits reported on their transcripts from the previous schools attended and their performance at
the ROS.
Student Demographics
In traditional-learning environments, a student’s ethnicity, SES, gender, age, and multiple
other factors have been researched and been found, to varying degrees, to be significant factors
that can be utilized to predict a student’s achievement. In online-educational environments, the
body of work surrounding the impact of student demographics is still developing and the results
that have been determined do not produce a clear set of findings.
For example, Yukselturk and Bulut (2007) studied the impact that demographic factors,
motivational beliefs and self-regulated learning components had on student success in a higher
education computer programming class. The study considered 80 adult students and found that
neither student gender nor age were significant predictors of success. Student ethnicity was not
considered in the study. In a separate study of online students in grades K-12, student age was
utilized as part of a predictive model for determining online student success, and in this study,
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age was determined not to be a significant factor when predicting student success. The authors
chose to include student age as a variable in their model because, although the results lacked
significance, age was on the cusp of significance, and when included, it produced a more
accurate prediction of student success (Roblyer, Davis, Mills, Marshall, & Pape, 2008).
More recently, student age has been found to be a predictive factor, as noted in the
following research, when considered with gender. Hung, Hsu, and Rice (2012) performed
research utilizing data-mining techniques to study 7,539 K-12 students in a supplemental online
program with the intent of developing a predictive model for student success based on clustering
and decision tree analysis. The results of this study indicated that online students with a high
degree of alignment with the following set of demographic and enrollment characteristics were
more likely to find success in online courses: Female, younger than 16.5 years old, took one or
two courses per semester, took a Foreign Language or Health course, and lived in a larger city.
Congruently, a pair of additional research studies found female students had a higher
success rate in online coursework, but in at least one of the studies, the effect of gender
diminished as the student’s age increased, and student age was a significant factor with older
students having greater success (Fonti, 2015; Vella, Turesky, & Hebert, 2016). The research
studies cited above produce conflicting findings about the significance of student age and gender
as predicative variables for student success online, suggesting the need for further inquiry.
Research considering the impact of socioeconomic status (SES) on student performance
in all educational formats has found that a demographic variable indicating low SES for a student
is significantly and consistently a predictor of lower academic performance for that student
(Berkowitz, Moore, Astor, & Benbenishty, 2017). As part of their research into the factors that
impact students in online schools, Liu and Cavanaugh (2011) analyzed the performance of 1,794
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students enrolled in 15 grade 9-12 online courses in a state-wide Midwestern virtual school.
Utilizing multi-level modeling for the analysis, the results indicated that student SES level was a
significant factor influencing success in online courses. This reinforces the finding for all
learning environments and warrants the inclusion of SES in the development of predictive
models for student success in online coursework.
The significance of race or ethnicity as a predictive variable for the academic success of
students in online learning environments has also produced mixed results. As previously
mentioned, Kupczynski et al. (2011) reviewed the performance of 1,600 higher education
students in online coursework. The factors studied included student demographics, course level,
time spent online, and frequency of logins to determine if time online and frequency of logins
were significant predictors of success. The results of this study found that student gender and
ethnicity were not significant predictors of online success.
Conversely, in a mixed-methods study, Kaupp (2012) found by analyzing the records of
millions of students enrolled in California community colleges over a four-year period that the
achievement gap between Latino and White students widened in online coursework. For online
courses, Latino students had a 9% lower success rate, their average grades were two-thirds of a
grade point lower, and their rate of dropping the course was double that of White students.
Further work utilizing data from a program at a college in Texas that was focused on providing
assistance to students found “the most at-risk students are African American males between the
age of 20-25” (Boerner, 2015, p. 15), and while Hispanic males persisted at a rate 2% above the
average, African American males persisted at a rate 8% below that of Hispanic males, 6% below
the average.
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At the high school level, research utilizing survey responses from 1,971 parents of
students enrolled in virtual schools indicated that Black children were significantly more likely
to have lower grades in online classes when compared to their performance in traditional classes
(Fernandez, Ferdig, Thompson, Schotke, & Black, 2016). Retention in these programs may also
be important as a measure of success. Corry (2016) examined graduation and dropout rates for
Hispanic or Latino K-12 students in fully online and blended learning environments in 42 public
schools in Arizona. The analysis considered school type as either a charter or non-charter school,
and the delivery method of instruction as either a fully online or a blended learning format.
School type was not determined to be a significant predictor for either the dropout rate or
graduation rate for Hispanic or Latino students. Delivery methodology, however, was found to
be a significant factor for Hispanic or Latino students. These students were significantly less
likely to drop out in a fully online environment as compared to those enrolled in a blended
environment.
The varied results that the research surrounding student demographics has identified
warrant further investigation into the impact of these variables. My present study attempted to do
so by considering student age, SES, gender, and ethnicity in the analysis of student success in
online coursework.
Special Education Status
Students with disabilities or special needs are entering online education programs and
taking online courses along with general education students, and as is true with many of the
population subgroups in this area, there is a limited understanding of their performance and to
what extent they actually represent as a portion of the total online population. Fernandez et al.’s
(2016) work that focused on expanding the understanding of these questions indicates that
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almost 25% of students in online educational environments are students with special needs or
health care needs. This represents a significantly higher proportion of students in online
environments as compared to the overall student population, for which this subgroup represents
15%. Further investigating their performance in online schools and coursework indicated that
students with special health care needs were significantly more likely to have lower grades in
online classes relative to their performance in traditional classes. By describing the group of
students as students with “special needs or health care needs,” the indication is that Fernandez et
al. utilized a broader definition of special needs students that did not exclusively include special
education students.
Larwin, Erickson, and Given’s (2015) meta-analysis of seven studies focused on K-12
special education students yielded three significant achievement comparisons. First, the
achievement of special education students in online courses showed no significant difference
when compared to the performance of all students in non-online courses. Second, special
education students in online coursework performed significantly higher when compared to the
performance of special education students in coursework that was not presented in an online
format. Finally, non-special education students in online coursework performed significantly
higher as compared to the performance of special education students in online environments.
These results suggest that online education for special education students may represent an
opportunity to significantly improve outcomes for this population of students. This is a
promising possibility for the future of special education programming possibilities and this
project included special education status as an analyzed factor.
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Student Motivation, Behaviors, Emotions, and Perceptions
Compared to prior academic success of students and student demographics, there is a
relatively large amount of research analyzing the impact of student motivation, behaviors,
emotions, and perceptions on student performance in online coursework. Student behavioral
topics in the research have included students’ abilities to self-regulate and motivate themselves,
their perceptions of the usefulness of the content, and their feelings about the course and/or
instructor. While these factors will be beyond the scope of my study, this information is included
to provide a broad picture of the state of the research and the multiple factors that impact student
success in online coursework.
Of particular interest in this area of analysis is the work focused on student motivation
and self-regulation or discipline. Waschull (2005) investigated the connection between adult
student behaviors, their preferences, and academic characteristics as factors impacting their
success in an online psychology course. The results indicated that student self-discipline and
motivation were the only factors that were significantly correlated with a student’s average test
score, their average assignment score, final exam score, and final course grade.
Another look at Yukselturk and Bulut’s 2007 study on the impact that student
demographic factors, motivational beliefs and self-regulated learning characteristics had on
student success in a higher education computer programming class finds that there was one
statistically significant factor that predicted success in the online course, student self-regulation
behaviors. Follow-up interviews for this study with the instructors provided confirmation that
successful students utilized these strategies during their time enrolled in the course.
Similarly, in a study of a group of 500 undergraduate students enrolled in lower-level
online coursework, Morris and Finnegan (2009) found that students who are self-motivated and
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academically proficient will succeed in less than ideal conditions in online classes. Kerr (2010)
utilized findings of a previous case study involving three different online environments to
identify the best teaching practices and provide direction to teachers and schools that are
implementing and utilizing online learning options. For students in online courses, Kerr
identified student motivation and initiative were key factors contributing to student success,
which highlights the importance of a student taking responsibility for their learning.
Barnard-Brak, Lan, and Paton (2010) initiated two studies that identified five student
profiles for regulation behaviors ranging from super self-regulation to minimal self-regulation
based on a student’s self-regulatory behavior in online university classes. Each of these five
profiles appeared in both studies and the results of the pair of analyses indicated that the profiles
including higher levels of student self-regulatory behaviors were significantly correlated with
higher academic outcomes in online coursework.
The ability to collect data on student behaviors and interactions in online courses has
become dramatically simpler. The data tracking systems imbedded within learning management
systems are more sophisticated and have developed the ability to track student activities and
interactions with the course components allowing researchers to perform analyses of these
metrics. The previously cited work by Kupczynski et al. (2011) included measurements of
student time spent engaged with the online content and the frequency of student logins for 1,600
online higher education students to determine if the time they spent online or frequency of their
logins were significant predictors of success. Their findings showed that frequency of student
logins was a significant predictor, accounting for 10% of the variance. Login frequency is closely
aligned with student self-regulation. High levels of self-regulatory behaviors in students leads to
consistency in interactions with the content and a higher login frequency.
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Further work focused on self-regulation by Broadbent and Poon (2015) analyzed 12
individual research projects focused on the self-regulation learning strategies of higher education
students in online coursework. They identified student time management, metacognition, effort
regulation, and critical thinking as behaviors and characteristics that were positively correlated to
student academic success online.
A similar analysis of 306 individuals enrolled in massive open online courses (MOOCs)
was conducted by Jung and Lee (2018) to study the relationship between student perceptions and
behaviors as they relate to student engagement and persistence. The results identified student
self-efficacy, teaching presence or contact that was developed through their facilitation and
course design, and student perception of the usefulness of the content as having significant
effects on student persistence in the online course.
Student achievement in online courses is, at times, dependent on the perceptions and
emotions of the students involved in the learning. The feelings and perceptions that students have
about the online environment impact their performance and success, much like a student’s
perception of their relationship with a teacher or instructor in a traditional classroom can impact
their performance. Higher education research on the performance of online students indicates
that students’ perceptions of the usefulness of the content, ease of use of the learning
management system, and their ability to work independently were all statistically significant
factors in predicting the students’ final grades in the online courses (Galy, Downey, & Johnson,
2011).
Research also indicates that it is the perception of online students that their understanding
of concepts increases and their practices are augmented by the online work completed. In a
mixed methods study, Edwards and Rule (2013) compared the perceptions of 46 White 6 th grade
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students studying math topics online in a classroom with a computer versus via face-to-face
instruction. The majority of the students preferred online instruction for understanding math
concepts, and there was found to be a significantly higher rating in enjoyment. Students cited
personal pacing and communication as factors related to the enjoyment they felt in the
experience.
Qualitative work by Yukselturk and Baturay (2012) in this area with graduates from a
higher education online information technology certification program was designed to identify
their perceptions as to whether their demographics, characteristics, study strategies, motivation,
or interaction with the program were significantly correlated to their success. Student responses
indicated their belief that prior knowledge with the course content was a significant factor
impacting success. They also felt that secondary personal factors including a sense of
responsibility, self-discipline, and interest in the course were impactful factors. Student study
strategies were also identified as significant factors for success for students who had organized
and scheduled study habits and submitted course requirements regularly. These students showed
greater levels of success. Finally, continuous communication through the chat, forum, and faceto-face sessions was also identified as an indicator of success in the online environment.
It is interesting to investigate situations for which the students involved are, in turn,
teachers or instructors. What is the impact the online coursework had on the performance and
understanding of their students following an instructor’s participation in online learning and
professional development? Dash, de Kramer, O’Dwyer, Masters, and Russell (2012) found that
the previously identified results and perceptions of online learning do not always equate to a
second level of student success where the online learner studied was an instructor. Instructors
who utilize online opportunities for professional development show gains in content knowledge
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and practices, but these gains in content knowledge are not always indicators of increased
student performance in the classroom of those instructors.
In a study of over 300 students at a U.S. service academy engaged in a self-paced online
course consisting of four, 40-minute lessons, Artino and Jones (2012) found that different
student emotions had a significant impact on metacognition and elaboration. Metacognition was
defined within the context of control strategies that included goal setting and planning.
Elaboration included student cognitive practices such as paraphrasing and summarizing. The
results indicated that boredom was a significant negative predictor of metacognition, and for
elaboration, was a negative predictor only when the effect of enjoyment was not included in the
model. Frustration was a negative predictor on both metacognition and elaboration when
considered alone but became a positive predictor of metacognition when considered as part of
the whole model. Finally, student enjoyment had the greatest correlation for metacognition and
elaboration when considered alone and as part of the whole model. As part of the whole model,
enjoyment was the greatest predictor of elaboration and the second greatest predictor for
metacognition.
To help further inform the discussion concerning the impact of emotions on online
learning, Barbour, McLaren and Zhang (2012) performed qualitative work by interviewing eight
12th grade students in Canada enrolled in online coursework. The results indicated that students
felt a general enjoyment of synchronous classes, had positive impressions of the technology
involved in the coursework, and they preferred the ability to control their own learning. They
identified negative emotions with the lack of a sense of community in the class, felt they had
difficulty focusing during asynchronous class time, and identified the course content as
challenging.
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Additional work analyzing student achievement and motivation to determine how they
are impacted by emotional factors including boredom, enjoyment, and anger found that student
achievement was not impacted by emotions. However, these emotions were significantly
correlated with other emotions and with motivation in this study of higher education students in
online mathematics courses (Kim & Hodges, 2012). Further research also showed a student’s
confidence in their technology skills, confidence in their ability to achieve, and their
organizational skills were significant predictors of success in online courses (Rankin, 2013).
These ideas were further summarized in a literature review of research that concluded that
successful adult online students had high emotional intelligence, were self-aware of their needs,
possessed self-regulation skills, were reflective, able to manage time effectively, organized, and
had an internal locus of control (Kauffman, 2015).
Predictive Models
While the research conclusions have identified the efficacy of online environments, this
delivery model is not effective with all students. As such, the development of models to predict
the success of students in online courses has been the focus of researchers. The models
developed consistently utilize students’ interactions with the LMS or survey instruments to
determine the students’ readiness; yet, none of these models utilize multi-level modelling to
account for the characteristics of the school they attended prior to the online enrollment.
For example, Roblyer, Davis, Mills, Marshall and Pape (2008) explored a number of
factors to investigate which combination could provide an effective prediction of success for K12 students in a virtual school. Through an analysis of previous research, they identified factors
for their model which included gender, ethnicity, class time, course grade, online experience,
self-reported grade point average, environmental factors, and the Educational Success Prediction
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Instrument (ESPRI) which indicates student attitudes and beliefs. Utilizing binary logistic
regression analyses, the researchers tested multiple combinations of factors and found that the
ESPRI result, age, self-reported GPA, class time of day, and home computer availability
provided the best, significant prediction of success. Their model correctly predicted success 93%
of the time and predicted failure with approximately 30% accuracy.
Similar to the ESPRI, the Learning and Study Strategies Inventory (LASSI) has been
utilized as predictor of student success in traditional coursework. When adapted for online
learning, the LASSI for Learning Online (LLO) is a model that was studied to validate its ability
to predict online success. This tool utilizes student habits, strategies, and characteristics to
predict their success, and when applied to higher-education students in online courses, was 67%
accurate at predicting success (Carson, 2011).
As previously cited, Hung et al. (2012) utilized data mining techniques to study 7,539 K12 students in a supplemental online program. The focus of this research was the development of
a predictive model based on clustering and decision tree analysis. The results identified that
being female, younger than 16.5 years old, taking one or two online courses per semester, taking
a Foreign Language or Health course, and living in a larger city were associated with success.
Utilizing the Situational Theory of Publics also provided a predictive model. The theory
maintains that individuals who recognize the value of the situation and possess the motivation
and ability to resolve the barriers to their success are more likely to succeed. This theory was
applied to online university students and those that possessed the understanding, motivation and
abilities needed, as determined by survey results, had higher exam scores in the course (KrugerRoss & Waters, 2013). Additional work in the K-12 environment indicated that prior academic
success, confidence in technology skills, confidence in their ability to achieve, and
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organizational skills were significant predictors of a student’s success in online courses. Based
on these results, a model was developed that had a high degree of accuracy predicting success
and a moderate degree of accuracy predicting student failure (Rankin, 2013).
For higher education students already enrolled in online classes, Hu, Lo, and Shih (2014)
developed an early warning system utilizing time-based data from the learning management
system (LMS). Variables included total login time and total time viewing online material. The
predictive system produced results with 97% to 98% accuracy for three different data sets. The
development of the system was intended to provide real-time and early feedback to the instructor
and student on their progress based on early behaviors and interactions with the content.
Additional work on predictive modeling completed by Fonti (2015) was designed to
provide a “live” model to identify students as potentially “at-risk” of not succeeding in a current
online course. Data from the LMS of MOOCs hosted by Harvard and MIT that included 175
enrollees of varied age and country of origin was analyzed. The identified model found that
students who are able to self-regulate, are motivated, and have varied learning strategies are
more engaged and likely to be more successful. Also, of note, females had a significantly higher
passage rate when compared to males.
School-Level Factors Impacting Student Achievement
The inclusion of school-level variables when analyzing student success in online classes
is an unexplored area of research. The sole example of research identified in this area included
school-level as part of the multi-level analysis but did not include school-level variables. The use
of multi-level modeling is intended to prevent the errors that arise when the assumption of
independence is violated (Liu & Cavanaugh, 2011). The results at level-2 indicated a wide range
of between-school variance for different classes identified by content and semester, from a low
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of 0.01 for English 2 semester 2 to a high of 0.81 for Geometry 2. My study included schoollevel variables for the analysis of student performance at a single online school. The level two
variables should not be arbitrary and their identification was based on research focused on these
variables and their impact on student achievement in traditional schools. This is necessary as the
prior academic success of students in this study is from face-to-face coursework in different
schools prior to the choice to enroll in the ROS.
Ross (2019) analyzed the impact of school size on student achievement. Utilizing
standardized test results for all students in the 500 public schools in Pennsylvania from 20152018, Ross considered the impact of school enrollment and found that there was a positive
correlation between school size and the performance of Black and Hispanic students. At the
same time, a negative relationship was identified for students with IEPs and those with low SES.
School SES percentage has consistently been identified as a factor that negatively
impacts student achievement. Brunner, Keller, Wenger, Fischbach, and Lüdtke (2018) found that
controlling for sociodemographic data at level two considerably reduced the between-school
variance in student achievement while studying the standardized test scores for almost 2,000,000
students in over 70,000 schools in 81 countries. Fehle and Reardon (2018) analyzed test scores in
a federal dataset that included the results from all 50 states and the District of Columbia from the
2008-09 school year through the 2014-15 school year, approximately 300 million results during
this seven-year span. Their findings indicated that states with large levels of racial and economic
differences have more between-district variation on average. In their study of multi-year statewide data sets for North Carolina, South Carolina, and Arkansas, Armor, Marks, and
Malatinszky (2018) also found the effects of school SES and racial composition, when
comparing White and Black students, to be significant. Their work noted that the effects are
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reduced or eliminated when additional characteristics about the individual students are
considered such as prior academic performance and family background factors.
Based on this research, the level two variables selected for this dissertation were school
size and average SAT score, as an indicator of academic achievement. SES and school racial
ratio were also considered even though individual academic performance, student race, and
student SES are included at level one. These level one covariates do not include the family
background information that will reduce or eliminate the impact of these level two factors.
School Choice
In a previous section, the research findings that identified the impact on achievement of
students’ perceptions and attitudes concerning online learning were shared. These attitudes and
perceptions may in part be derived from a student’s reason for choosing online coursework and
potentially be indicative of their potential for success. In situations where students are forced by
circumstance into online learning environments, they may have negative perceptions compared
to those students that actively seek online options based on their understanding of the benefits
and possibilities. The flexibility and multitude of options, both brick-and-mortar and online, that
school choice has created for parents and students in the United States, has expanded greatly in
recent years (Barbour, 2017a). Additionally, the trend has been for students at-risk of dropping
out of school to choose online schools with greater frequency (Cavanaugh, Repetto, & Wayer,
2011).
The general factors involved in all school choice decisions include the academic
performance of the school, the program’s reputation, the positive comments from parents or
students about the program, facilities, social factors, and the enrollment of friends (Krull, 2016;
Mandic, Sandretto, Hopkins, Wilson, Moore, & García Bengoechea, 2018; Shuls, 2018).
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Understanding why students and parents exercise choice to select different options in their
education decisions can provide insight to their attitudes or perceptions, thereby offering
additional information when attempting to predict student success in online coursework.
Choosing Online Education
For online enrollments, the reasons for selecting an online format align with the general
school choice factors and include other variables that traditional brick-and-mortar schools in the
school choice menu do not provide. Pacing, for both student acceleration and access to a slowerpaced curriculum, and the availability of courses not accessible in a student’s current brick-andmortar school whether because of time or location, are popular factors influencing students and
parents to exercise choice options. These factors were identified in an analysis by Beck,
Maranto, and Shakeel (2016) of the survey responses of over 230 K-12 students that selected an
online program in which they identified three categorical reasons for their choices: curricula
(broader range of classes and more personalized curriculum), behavior (behavioral problems,
special needs not being served, and bullying), and structural issues (flexible schedule, parent
choice).
The need for flexibility is frequently cited and includes time and location. Time
flexibility can refer to varied days, the time of day, and the number of days students are working
or required to be present physically or remotely. Location is also a flexibility variable that may
be needed for students who move between parents’ or relatives’ homes on a daily or weekly
basis, and students who travel throughout the state, nationally, and internationally for a multitude
of reasons. Additional factors cited as flexibility reasons include options for students that are
medically fragile or at-risk whether short-term or long-term, family factors including being a
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caregiver or teen parent, and behavioral needs based on student suspension or expulsion
(Archambault & Kennedy, 2017).
These and other student demographic factors also impact a student’s choice to engage in
online education. Students who have struggled academically in their past coursework and have a
lower SES are more likely to leave their local districts for a charter school or online school. Race
was also a factor in this choice for this subset of students with White students more likely to
select online schools while minority students are more likely to select charter schools
(Fernandez, Ferdig, Thompson, Schotke, & Black, 2016; Ahn & McEachin, 2017).
Parent Choice
While students have their own perceptions and decision criteria, parents also are
important factors, if not the primary decision-makers, when analyzing the choices around online
schools and how selections are made. Marsh, Carr-Chellman, and Sockman (2009) found
through their phenomenological study of seven parents choosing an online charter school that
these decisions can be based on quite different needs. These reasons identified included the
perceived ability of online schools to customize education, the reality that online school is a nocost alternative to brick-and-mortar public schools, and that the option for online school arrived
as they were searching for alternatives for their student.
Wilson, Burgess, Greaves, and Vignoles’ (2015) analysis of parental choice focused on
general school choice options, not online options, the results indicated that the primary factor for
parents was the academic success of students. This need was ameliorated by two additional
factors, SES of the students and school, and proximity to their home. Lower SES parents tended
to choose schools with less academic rigor compared to high SES parents, and the ease of access
based on location led to a tendency to select the closer school rather than the higher achieving
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school. Applying this logic to online options, the ease of access may become the primary factor
as there is minimal to no hurdle to accessing an online school.
While motivation may, at times, vary for parents and students, Beck et al. (2016) found
that the reasons parents select online coursework for their students have been shown to generally
align with the reasons students select online learning. The curricula, behavior, and structural
categories identified by students were also aligned with parent choices with only slight
variations. Parents cited learning styles as curricular factors where students did not include this
factor, and the lack of the need to commute to a brick-and-mortar location was a parent structural
factor that was not identified by students.
Higher Education Students
For higher education students who have already participated in online courses, Artino
(2010) determined the student’s preference for online coursework was dependent upon a
student’s satisfaction and perception of their self-efficacy. These characteristics positively
predicted a student’s future preference for online classes. Conversely, it was determined that the
value students associated with the course and the importance of their performance in the class
were negatively associated with future preferences for online classes. This work was based on
the experiences of 564 U.S. service academy students after completing a required course that
they opted to take in an online format and analysis was performed utilizing logistic regression
techniques. More broadly, Zacharis (2010) found in a study of 161 higher education students
enrolled in a computer science course presented in online and traditional format that students
selected learning formats based on their needs, preferences and strengths including job
schedules, family obligations, learning preferences, and familiarity with the technology involved.
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Similarly, the importance of the course as a requirement for a program of study, rather
than an elective course, and course complexity have an impact on students’ choice to remain in
an online format in higher education settings. Wladis, Wladis, and Hachey’s (2014) study of
2,330 higher education students enrolled in 21 courses taught online and face-to-face by 23
different instructors showed retention rates for students in face-to-face courses were higher when
compared to similar online courses and that classes with a higher complexity, as measured by the
catalog course number, had greater retention rates. This trend was also true for the reason
students were taking the online course, with courses that were required for programs having a
higher retention rate than those that were elective courses. An analysis that included additional
variables by Boston and Ice (2011) showed that for 20,569 enrolled in the American Public
(Military) University, significant predictors for retention included a lack of transfer credits, the
number of courses for which the student had registered, their last grade being an F or a W, and
their GPA. All were significant predictors of negative retention or the choice of students to not
participate in online coursework.
In an effort to understand the motivation of students to take online courses, Harris and
Martin (2012) surveyed about 4,000 students at Eastern Oregon University, receiving 644
responses, to determine their self-reported reasons for selecting online formats. Age was
indicative of the choice for online courses with the percentage of fully or mostly online students
increasing as the age group of the students increased. Overall, those students who were fully or
mostly online cited convenience as the most common reason (62% of respondents). Distance
from campus (51%) was the second most common reason with family obligations (45%) and job
requirements (45%) tied for third. Those students who were fully or mostly face-to-face reported
that their schedule needs were met by face-to-face coursework so online was not necessary
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(66%) and that they learn better in face-to-face instruction (65%) as the most common reasons
why they did not select online learning. The lack of connection with campus (35%) and the need
to work with others in class (27%) were also common reasons reported for not choosing online
classes.
Chapter II Summary
The body of research that exists surrounding online learning has shown that multiple
factors can significantly impact the achievement of students and that the effectiveness of online
instruction varies when comparing higher education to K-12 courses. A significant portion of the
research is centered on student attitudes and interactions with the learning management system
of the online course, which are outside the scope of this study. Demographic factors and prior
academic success have also been shown to be significant through a limited number of studies,
including those involving K-12 students. The research has, at times, identified ethnicity, SES,
gender, special education status, and age as significant factors in achievement online. This study
included each of these factors in the predictive model and considered characteristics of the prior
school attended by students, which has not been studied by previous research.
There has been previous work done on predictive models for students based on a
combination of factors, including student surveys designed as instruments focused on student
success. The need for a predictive model that is not dependent upon students who are already
active in the online environment or that requires an instrument to be administered to be viable is
vital as the ability for students and parents to choose online formats is, often, not limited by
approval or time constraints. The inclusion of school characteristics for the previous school
attended provides a more comprehensive model. Finally, school choice was an additional factor
that research has shown to significantly impact achievement, but the research samples often
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consisted of higher education students and were based on individual courses and the course
status as required or elective. The limited work surrounding choice as it relates to K-12 online
education indicates a general set of reasons for choosing fulltime online education that includes
flexibility, access, and necessity for an alternative to brick-and-mortar options.
Collectively, the body of research focused on online learning has not considered prior
school characteristics or K-12 choice reasons and this study represents a potential expansion into
unexplored areas. In consideration of the identified factors that impact student performance in
online formats and the work surrounding predictive models identified in this literature review,
this study was intended to further these findings and develop a model that considers the student’s
demographics, prior success, characteristics of the prior school attended, and their reason for
selecting online learning.
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CHAPTER III
METHODS
This study examined the performance of students enrolling in a regional online learning
school after having been in a traditional face-to-face environment to determine if their
demographic characteristics, prior academic performance, and the characteristics of the prior
school attended are significant factors when attempting to predict their performance in an online
learning format. Further, it considered their reason for selecting an online education program to
determine if their reason for choosing online education represents a significant factor when
analyzing their performance in online coursework.
Research Design
Quantitative methods were utilized in this study to complete a post-hoc secondary
analysis of an existing database to identify predictors of success in online classes. The data
represents demographic data, characteristics of the previous school attended, performance
information, and the reason for choosing online schooling gathered by counselors during the
registration of students and their subsequent performance in online courses at a regional online
school in a Midwest state. For this study, quantitative methodology was selected for its ability to
identify factors that influence outcomes (Creswell, 2009).
Initially, a descriptive analysis was conducted to summarize the multiple data points
utilized in this study. For the purpose of investigating the research questions, multi-level
modeling was utilized because multi-level modeling accounts for the dependence among
students within schools, as is the case for the students in this study. This need may not be
immediately apparent as the students are all taking online classes through the same regional
program. However, their previous performance as measured by their GPA in classes prior to
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enrollment in the ROS are from multiple schools. As such, the environmental factors that
impacted their achievement may be different based on the previous school attended. This means
that students with the same set of personal characteristics may have significantly different
achievement patterns based on the characteristics of the school they previously attended. Schoollevel factors that impact student achievement include school size, student-teacher ratio, and
academic achievements (Kim, Joo, & Lee, 2018). In this study, level 1 represents the students
and level 2 represents their prior school or sending school; that is, the school enrolling them in
the ROS. Multi-level modeling accounts for these differences by controlling for data
dependence, allowing for the analysis of variables from different levels at the same time, and
studying the variable relationships across clusters (Warne et al., 2012).
Population, Sample and School
The subjects of this study are the students enrolled in a regional online school for grades
9 to 12 in a Midwestern state from the 2012-13 school year through the 2019-20 school year. The
ROS’s enrollment process accepts enrollments that are initiated by counselors from local
education agencies, and when a student or parent requests enrollment in the ROS, the counselor
processes the enrollment with the ROS. Students who attend the ROS are still enrolled in their
previous school and are completing the graduation requirements for that school at the regional
site via online courses. The local educational agencies enroll students in this online school for a
variety of reasons, and parental agreement is necessary for the student to enroll as outlined in the
state’s school code. The prior school and parent or student may not always agree on why
enrollment in this program is preferred, but they must agree on the desire to pursue the
enrollment for the enrollment to proceed. Additionally, many students entering the ROS can be
characterized as academically “at-risk.”
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The student enrollment count in the ROS is approximately 250 to 300 students on any
given day during the school year. Over the course of the year as many as 400 students are
enrolled in at least one class in the program, as there are numerous students entering and exiting
throughout the school year as they exit their brick-and-mortar courses. These enrollments over
the course of five years produced a total unique enrollment of 1,954 students who are included in
the initial data set. The data for these students was analyzed, students with missing data were
removed, and students were given a level 1 variable for a cohort based on the school year they
entered the ROS. Missing data was generally the result of a student not having a transcript of
classes at the high school level prior to enrollment in the ROS. Primarily, this included all
entering freshmen and students who enrolled in a single course, accounting for multiple hundreds
of students in the sample. Additionally, there were students from out of state who transferred
without a transcript and students for which the sending school did not forward the transcript.
This last category was more common in early cohorts, and the inclusion of the cohort variable is
intended to control for these types of differences. Without transcript data, the information
required to calculate prior GPA is not available for the analysis. Following this process, a sample
of 886 students grouped in 36 schools at level 2 remained for analysis. The size of the remaining
sample and the inclusion of cohort as a control compensate for the data loss from the initial set.
The ROS provides 100% of the primary instruction, or delivery of the content, utilizing
an online tool, thereby fitting the definition of an online school, not blended learning. This
school does have a face-to-face requirement for coaching, academic support, or testing; and at
times, refers to itself as blended learning. However, the previously cited definition identifies that
the location of the learning is not a consideration when defining online learning, only the
delivery model for the content.
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Data Collection Procedures
The data for this study is preexisting in the student information system (SIS) of the ROS
and regional data warehouse. When students are enrolled by their local school, their
demographic and personal data are transmitted by their sending school counselor. This data
includes their prior academic performance, race, gender, socioeconomic status, and additional
data collected by the district. The regional data warehouse has access to additional student data
which is drawn into the ROS’s student information system and connected to the student’s
identification number.
As a part of the student enrollment process, there is an intake meeting during which a
counselor at the regional online school asks the student and their parents why an online program
was sought at this time. The counselor records this answer on the form shown in Appendix A,
and it is entered into the student information system as part of the intake process. Also captured
in this database is student performance while enrolled in the ROS. This includes the number of
online courses attempted, type of courses, final grades, and whether they earned credit in those
courses. These data points collectively represent the data sample utilized for this project and are
summarized in Table B.1 (see Appendix B).
School-level data for the prior school attended was acquired from the state-wide
database, which is publicly available. School graduation rate/SAT data was determined as an
average of the available rates from 2015-16 to 2018-19. School size and FRL percentage is an
average calculated using the data from 2013-14 through 2017-18. Racial diversity of the prior
school was determined over a multi-year span and consists of the average percentage of Black
students and the average percentage of Hispanic students enrolled from 2013-14 through 201718.
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Prior Academic Performance and Demographics
Data of students’ past performance consists of grades and course titles appearing on their
transcript from previous enrollments at various schools. Upon intake, the individual class data
from previous coursework on the student’s transcript are entered into the ROS’s Student
Information System (SIS). The dataset consists of public-school students who have gained access
to the program through a local school district, which then provides a diploma for students upon
successful completion of coursework that fulfills that local school’s graduation requirements.
Regardless of whether the school utilizes semesters, trimesters or an alternative schedule, all
general education classes entered on transcripts are half credit courses with the exception of
those identified for additional credits. These include Career and Technical Education courses,
college and dual-enrollment classes, and yearlong classes. There are some students who will not
have prior academic performance data. Several reasons exist for a student’s lack of prior
transcript information, including the lack of transcript information due to homelessness, out-ofstate transfers where transcript information is not provided or available, homeschool students
that lack a transcript with acceptable credits, and first semester freshmen who have no prior high
school academic performance. Students with missing GPA information for a specific prior or
post enrollment category were deleted during the creation of the MDM for the multi-level model
analysis. Overall, 886 of the original 1,954 students in the data set were included in the sample
following the removal of students with missing data.
When students enroll and their transcript data is entered into the student information
system, the demographic information is also entered. This is accomplished either via reference to
the data warehouse by the automated systems of the student information system or it is
information gathered from the local school counselor and hand-entered with transcript
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information. As shown in Appendix B, this demographic information includes gender, ethnicity,
special education status, and free/reduced lunch status. The meaning of the values appearing in
Appendix B is displayed in Table B.1. Race data was utilized and dummy coded as the
NONWHITE variable. Prior school-level demographic information is provided in the state
database and these data points are tied to the specific schools.
Selection of Online Learning Reason
Upon entry into the online school, all students participate in an intake meeting with a
school counselor. During that meeting, the counselors inquire of each student their reason for
selecting the online environment. The categories for this appear in Appendix B on the intake
form and were determined by the school counselors based on their experience working with
students. These categories were developed prior to the initiation of this project. Parents are also
present during this meeting and the input gathered for this record is sometimes provided by the
parents, but the focus is on the student’s identified reasons, if they choose to share this
information. For the purposes of this project, the specific reasons entered into the data lines were
not used, just the yes or no answer for each of the identified reasons. For example, if a student or
parent identifies the reason for choosing the ROS as medical treatments associated with cancer,
the data set will only indicate a ‘yes’ in the Medical Obstacles field. An analysis of the
descriptive statistics for these categories helped to determine the grouping of similar items into
categories. The grouping process is explained in the Data Analysis section of this chapter and
summarized in Table 3.2.
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Data Analysis
Determining Grade Point Average
Student GPAs are not entered into the SIS of the ROS even if they are included in the
information received from their previous school. This is partly due to the nature of the ROS as a
service provider. Students do not graduate or received diplomas from the ROS. They earn credits
at the ROS to utilize for graduation from the school that enrolls them in the ROS, referred to as
their “previous school” for the purposes of this study. As such, the previous school utilizes the
grades at the ROS to provide a GPA for their students based on their GPA formula. The idea that
each school may have a different formula for GPA that includes various weights or processes to
deal with different types of courses also precludes this information from being of use to the ROS.
The data for each student was manipulated to produce several different GPAs for the
purposes of this project. This process began with the identification of the curriculum area of each
class that students had taken at their prior high school(s) as well as all online classes taken at the
ROS as listed in the online school’s SIS. All classes were identified as either an
English/Language Arts course, a Mathematics course, or other. Additionally, each course and
term was tagged as being completed prior to enrollment in the regional school, after enrollment
in the regional school, or a course taken at the regional school. As some students did not take all
courses at the regional school after they initially enrolled, some of these courses needed to be
identified as occurring after the initial enrollment, even though they did not occur at the regional
high school. Once completed, these identifiers were utilized to calculate each student’s overall
GPA prior to enrollment in the online environment and their GPA after enrollment in the ROS,
their GPA in English/Language Arts courses prior to enrollment and after enrollment in the ROS,
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and their GPA in Mathematics courses prior to enrollment and after enrollment in the ROS. Each
of these GPAs will be represented as a number between 0.0 and 4.0.
There are multiple circumstances that led to a student with missing entries for some of
the GPAs. Students who had no prior high school transcript information did not have any of the
three prior GPAs. A student who had not attempted a Mathematics or ELA course prior to
enrollment in the ROS was missing a GPA for these areas. Similarly, a student who did not
attempt a Mathematics or ELA course at the ROS did not have a value for these GPAs in the data
set. These entries were blank at level 1 for the analysis and not represented with a 0 as that would
imply they attempted and failed courses, rather than never attempted courses in these academic
areas at the ROS or prior to enrollment in the ROS. Students with missing GPA information for a
specific prior- or post-enrollment category were excluded for that portion of the analysis.
Example GPA Calculations
The student record listed in Appendix A represents a student who attended two high
schools, Sample HS01 and Generic HS01, prior to enrolling in a third high school, John Doe HS.
The student did not enroll in any classes in John Doe HS. Rather, the student was enrolled in the
Regional Online School via John Doe HS for the second semester (S2) of the 2015-16 school
year, and as such, John Doe HS was identified as the level 2 school. At the completion of the
2015-16 school year, student 1000001’s transcript showed that he had attempted 24 classes. Prior
to enrolling in the Regional Online School, he was enrolled in 18 courses, and then enrolled in 6
classes at the ROS. Utilizing the grading scale in Table 3.1, their GPA prior to enrolling at the
ROS and after enrolling at the ROS was calculated as follows:
Total GPA points earned prior to enrolling = 25.0 (sum of GPA earned prior)
GPA Prior = GPA points / number of classes = 25.0/18 = 1.4
Total GPA points earned after to enrolling in ROS = 6.0 (sum of GPA earned after)
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GPA After = GPA points/number of classes = 6.0/6 = 1.0
Similarly, the GPA for ELA and Mathematics performance can be calculated. Prior to
enrollment in the Regional Online School, he attempted three ELA classes (English 9-1, English
9-2, and English 10-1) and earned 4.0 GPA points in these classes. After enrollment, one ELA
class was attempted (English 9B-L) and 2.0 GPA points were earned.
ELA GPA prior = GPA points earned prior / number of ELA classes = 4.0/3 = 1.3
ELA GPA after = GPA points earned after / number of ELA classes = 2.0/1 = 2.0
In Mathematics, the student earned 4.7 GPA points in three Math classes (Integrated
Algebra A, Integrated Algebra B, and Geometry I-1) prior to enrollment in the ROS. After
enrollment in the ROS, one Math class was attempted and no GPA points were earned.
Math GPA prior = GPA points earned prior / number of Math classes = 4.7/3 = 1.6
Math GPA after = GPA points earned after / number of Math classes = 0.0/1 = 0.0
Table 3.1
Grade Point Average Scale
Letter Grade
A
AB+
B
BC+
C
CD+
D
DE/F/NC
CR/W/I

GPA Points
4.0
3.7
3.3
3.0
2.7
2.3
2.0
1.7
1.3
1.0
0.7
0.0
Not Counted
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Descriptive Statistics
Analysis of all data began with a descriptive summary of the sample that identifies the
characteristics of the students and prior schools in the sample. This numerical summary of the
sample provided clarity for the researcher and allowed for a better understanding of the
thousands of individual data points. Mean, standard deviation, frequency, minimum, and
maximum were calculated for the student-level variables at both level 1 and level 2. This
analysis was performed on the following set of student-level and school-level variables.
Student-level variables. The following variables were utilized for the purposes of the
project.
Independent. Student variables that were analyzed as predictors of success.
● Grade Level (GRADE): Identified grade of students when first entering the ROS as
defined by their sending school. Possible values are 9, 10, 11, 12, and 13.
● Cohort (CHORT): Groupings identified by the year individual students entered the
ROS to control for the year-to-year programmatic changes. Possible values are 1, 2,
3, 4, 5, 6, 7, and 8.
● Socioeconomic Status (FRL): Students identified as qualifying for Free or Reduced
Lunch based on Federal Guidelines. Possible values are “Yes” and “No” where “Yes”
indicates the student does qualify for either Free or Reduced Lunch rates and
represented as a 1. Non- FRL or “no” will be identified with a 0.
● Race/Ethnicity (NONWHITE): Self-identified race and ethnicity. Possible values are
American Indian (N), Asian (A), Black (B), Hispanic (H), multi-racial (MR), native
Hawaiian/Pacific Islander (P), and White (W). This variable was coded into a dummy
variable with two levels: White (0) and Non-White (1).
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● Special Education (SPED): Student status as a Special Education student is based on
the presence of an Individualized Education Plan (IEP). Students with an IEP will be
identified with a 1 and students without an IEP will be coded as a 0.
● Gender (GENDER): Student gender as identified in the SIS. Female equals 1 and
male is coded 0.
● GPA for all classes prior to enrollment in ROS (PGPA) represented as a number
between 0 and 4.0.
● GPA in ELA classes prior to enrollment in ROS (PEGPA) represented as a number
between 0 and 4.0.
● GPA in Mathematics classes prior to enrollment in ROS (PMGPA) represented as a
number between 0 and 4.0.
● Attendance (ATTEND) dummy coded as not an identified reason (0) and was
identified as a reason (1).
● Behavior (BEHAV) dummy coded as not an identified reason (0) and was identified
as a reason (1).
● Family (FAMILY) dummy coded as not an identified reason (0) and was identified as
a reason (1).
● Health (HEALTH) dummy coded as not an identified reason (0) and was identified as
a reason (1).
● Flexibility (FLEX) dummy coded as not an identified reason (0) and was identified as
a reason (1).
● Other (OTHER) dummy coded as not an identified reason (0) and was identified as a
reason (1).
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Dependent. Student variables that are indicators of success and were analyzed to
determine what level of influence, if any, the independent student variables and school variables
have on them.
● GPA in classes after enrollment in ROS (ROSGPA) represented as a number between
0 and 4.0.
● GPA in ELA classes attempted after enrollment in ROS (ROSEGPA) represented as a
number between 0 and 4.0.
● GPA in Mathematics classes after enrollment in ROS (ROSMGPA) represented as a
number between 0 and 4.0.
School-level variables. The following set of variables are calculated averages utilizing
data acquired from the state database:
● Average SAT (SAT): School’s average SAT score from 2015-16 through 2018-19.
● Average Enrollment (ENRL): School’s average enrollment from 2013-14 through
2017-18.
● Average Percentage of Free/Reduced Lunch (SCFRL): School’s average percentage
of students that qualify from 2013-14 through 2017-18.
● Average percentage of Black students enrolled (SBLACK): School’s average
percentage of Black students enrolled from 2013-14 through 2017-18.
● Average percentage of Hispanic students enrolled (SHISP): School’s average
percentage of Hispanic students enrolled from 2013-14 through 2017-18.
These variables are further described in Table 3.2
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Table 3.2
List of Variables
Independent Variables
Variable

Student-Level

GRADE

Student’s grade level when entering ROS

Discrete: 9, 10, 11, 12, 13

FRL

Free or Reduced Lunch Status

Binary: Yes (1), No (0)

CHORT

Student Cohort as Identified by School Year entering ROS

Discrete: 1, 2, 3, 4, 5, 6, 7, 8

NONWHITE

Race identifier in SIS as White, Asian, Black, Hispanic, multirace, native Hawaiian/Pacific Islander, and American Indian

Binary: White (0), Non-White
(1)

SPED

Special Education status

Binary: Yes (1), No (0)

GENDER

Gender of student in SIS as female

Binary: Yes (1), No (0)

PGPA

GPA prior to enrollment in ROS

Continuous: 0-4.0

PEGPA

GPA in prior ELA classes

Continuous: 0-4.0

PMGPA

GPA in prior Mathematics classes

Continuous: 0-4.0

ATTEND

Attendance category identified as reason for selecting online
learning
Behavior category identified as reason for selecting online
learning
Family category identified as reason for selecting online learning

Binary: Yes (1), No (0)

BEHAV
FAMILY
FLEX

Binary: Yes (1), No (0)
Binary: Yes (1), No (0)

HEALTH

Flexibility category identified as reason for selecting online
learning
Health category identified as reason for selecting online learning

Binary: Yes (1), No (0)
Binary: Yes (1), No (0)

OTHER

Other category identified as reason for selecting online learning

Binary: Yes (1), No (0)

School-Level
SAT

Prior School Average SAT Score

Continuous: 400-1600

ENRL

Prior School Average Enrollment

Continuous: 8-1925

SCFRL

Prior School Average F/R Lunch Percentage

Continuous: 5.2%-86.6%

SBLACK

Prior School Average Black Student Enrollment Percentage

Continuous: 0%-100%

SHISP

Prior School Average Hispanic Student Enrollment Percentage

Continuous: 0%-100%

Dependent Variables
Student-Level
ROSGPA

GPA after ROS enrollment

Continuous: 0-4.0

ROSEGPA

GPA in ELA classes after ROS enrollment

Continuous: 0-4.0

ROSMGPA

GPA in Mathematics classes after ROS enrollment

Continuous: 0-4.0

62

Grouping Selection of Online Learning Reasons
An analysis of the data identified 697 students within the cohort years (cohorts four
through 8) for which a student reasons for enrolling were recorded during enrollment in the ROS
without missing data. Of these students, 458 did not indicate a reason for enrollment, 148
identified a single reason for enrollment, and 91 students indicated multiple reasons for
enrollment in the ROS. Based on the descriptive statistics for the REASON variable, several data
categories did not have any students identify them and small frequency categories will be
combined into groups of similar reasons.
The response appearing on the form in Appendix A that was not utilized (n=0) in the data
set was Death of a Parent. Similar responses were then grouped to create six categories with a
frequency greater than twenty. These included Attendance (n=86), Behavior (n=23) as a
combination of Expelled/Long-Term Suspension and Juvenile Offender, Flexibility (n=47),
Health (n=113) which was a combination of Mental Health/Social-Emotional Obstacles and
Medical Obstacles, Family (n=20) which was a combination of Family, Homeless, Illness of
Parent, and Is Parent. The remaining responses were grouped with Other as a single category
(n=50). These groups are a slight expansion of the three factors Beck, Maranto, and Shakeel
(2016) identified for the choice to gone online for students and parents: curricula, behavior, and
structural.
Multi-Level Modeling and Centering
Multi-level modeling was utilized to identify which, if any, school characteristic data
points are significant indicators of success in online courses for the sample of students while
controlling for student demographic and prior academic performance. An analysis was
performed for each of the dependent GPA variables individually: Overall GPA at the ROS, GPA
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in ELA classes at ROS, and GPA in Mathematics classes at ROS. Finally, the factor(s) shared
when selecting an online program were included to identify which, if any, is a significant
predicting factor for overall GPA with a subset of the data based on those students who had their
reasons for enrollment recorded at intake. The data utilized are outlined in Table 3.2 and the
analyses utilized are outlined in Table 3.3.
The impact of the level 1 variables on the outcome variables is of interest for this study,
as is any cross-level interactions or level 1 covariate interactions, so the level 1 variables will be
group mean centered. The interactions between level 2 variables is also of interest for this study
and, as such, the level 2 variables will be grand mean centered (Enders & Tofighi, 2007).
Table 3.3
List of Statistical Analyses
Research Question
What is the profile of students taking K-12
online courses including student and school
variables, reasons for choosing online
classes, and success in such classes?

Statistical Analysis (Key Parameters)
Descriptive Statistics (Mean, standard
deviation, frequency, minimum, and
maximum)

What percentage of the variation in student
achievement in online courses is accounted
for by between-school variables?

Multi-level modeling
Proportion of Variance (R2)

What student-level and school-level
variables are the significant predictors of
student achievement in online courses?

Multi-level modeling

After controlling for student-level and
school-level variables, what percentage of
variation in student achievement is
explained by the reasons a student
identifies for choosing online coursework?
Are the reasons for selecting an online
learning environment associated with
student achievement?

Multi-level modeling
Proportion of Variance (R2)
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Unconditional model (Model 1). The initial multi-level modeling analysis of the data is
the unconditional model (Model 1) that does not include covariates at either level. This model
was run three times, once for each dependent variable in the study, which are the GPAs for
students when enrolled in the ROS: ROSGPA, ROSEGPA, and ROSMGPA. This work was
done to establish the variance in student performance within schools and between schools. Once
determined, these two variance quantities were utilized to calculate the unconditional intraclass
correlation (ICC). This unconditional ICC identifies the ratio of between-school variance to total
variance utilizing the formula  = 00 / (00 + 2) where 00 is the level two variance (previous
school) and 2 is the variance at level one (student). The ICC was included as a reference for the
additional models that include covariates at both the student and school levels. Additionally, the
proportion of variance explained at level 1 by the student level variables was calculated using the
formula R2 L1 = ((unconditional) - (conditional)) / (unconditional) and at level 2 by
the school level variables was calculated using the formula R 2L2 = ((unconditional) (conditional)) / (unconditional). The proportion of variance was utilized to address
research questions.
The level-1 and level-2 models are:
Level 1: Yij = 0j + rij




Yij is GPA at the ROS (all classes, ELA classes or Math classes) for student i in
school j
0j is the mean GPA at the ROS for school j
rijis the random error associated with student i in school j, var(rij) = 2

Level 2: 0j = 00 + uoj


00 is the adjusted mean GPA at the ROS (all classes, ELA classes or Math



classes) for the schools
uoj is the random error associated with school means, var(uoj) = 
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Control model (Model 2). Prior to the analysis of the full model without REASON, a
control model was developed including only level 1 variables, all of which were entered group
mean centered. This allowed for the estimation of the variance explained by the student level
variables at level 1. Model 2 was analyzed for each of the three student achievement areas:
ROSGPA, ROSMGPA, and ROSEGPA. The control model is as follows:
Level 1: Yij = 0j + 1j*(GRADEij) + 2j*(FRLij) + 3j*(CHORTij) + 4j*(NONWHITE)
+ 5j*(SPEDij) + 6j*(GENDERij) + 7j*( PGPAij or PEGPAij or PMGPAij) + rij




















Yij is the GPA at the ROS (all classes, ELA classes or Math classes) for student i
in school j
GRADEij is the grade level entering the ROS for student i in school j
FRLij is 1 if qualified for free or reduced lunch for student i in school j
CHORTij is the cohort at the ROS for student i in school j
NONWHITEij is the racial category for student i in school j
SPEDij is 1 if Special Education for student i in school j
GENDERij is 1 if female for student i in school j
PGPAij is the GPA for student i in school j
PEGPAij is the GPA in prior English classes for student i in school j
PMGPAij is the GPA in prior Mathematics classes for student i in school j
0j is the centered mean GPA at ROS for school j
1j is the average change in GPA at the ROS for each grade level change
compared to 9th grade for students in school j holding all else constant
2j is the average change in GPA at the ROS for free or reduced lunch students
compared to non-free or reduced lunch students in school j holding all else
constant
3j is the average change in GPA at the ROS for each cohort year change
compared to cohort 1 for students in school j holding all else constant
4j is the average change in GPA at the ROS for Non-White students compared to
White students in school j holding all else constant
5j is the average change in GPA at the ROS for Special Education students
compared to non-Special Education students in school j holding all else constant
6j is the average change in GPA at the ROS for female students compared to
male students in school j holding all else constant
7j is the average change in GPA at the ROS for a 1-point increase in the prior
GPA for students in school j holding all else constant
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rijis the random error associated with student i in school j, now a conditional
variance var(rij) = 2ǀx

Level 2: 0j = 00 + uoj

1j = 10
2j = 20
3j = 30
4j = 40
5j = 50
6j = 60
7j = 70


00 is the adjusted mean GPA at the ROS (all classes, ELA classes or Math










classes) for the schools
10 is the average grade level-GPA at ROS slope for the schools
20 is the average free or reduced lunch-GPA at ROS slope for the schools
30 is the average cohort-GPA at ROS slope for the schools
40 is the average race-GPA at ROS slope for the schools 
50 is the average Special Education-GPA at ROS slope for the schools 
60 is the average female-GPA at ROS slope for the schools
70 is the average prior GPA-GPA at ROS slope for the schools
uoj is the random error associated with school means, var(uoj) = 

Once this analysis was completed, the ICC for Model 2 identified the variability of
student achievement existing between schools after controlling for the covariates at the student
level and the R2 calculation determined change the in variance explained at level-1.
Full model without reason variables (Model 3). The full multi-level modeling analysis
included level 1 and level 2 covariates to analyze their potential influence on the three dependent
variables in the study. This necessitated the running of the analyses three separate times, one for
each dependent variable in the study, which are, once again, the GPA for students when enrolled
in the ROS: ROSGPA, ROSEGPA, and ROSMGPA. Each analysis utilized the corresponding
prior success category. For example, the Mathematics GPA at the ROS (ROSMGPA) utilized the
prior success in Mathematics courses (PMGPA). The student-level covariates are: grade level
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(GRADE), socioeconomic status (FRL), student cohort (CHORT), race/ethnicity (NONWHITE),
Special Education status (SPED), gender (GENDER), GPA prior to enrollment in the ROS
(PGPA, PEGPA, or PMGPA) all entered as group mean centered. The school-level covariates
are: SAT score (SAT), average enrollment (ENRL), average percentage of free/reduced lunch
(SCFRL), average percentage of Black students enrolled (SBLACK), and average percentage of
Hispanic students enrolled (SHISP), all of which were entered grand mean centered.
The complete level 1 and level 2 of the full model are as follow:
Level 1: Yij = 0j + 1j*(GRADEij) + 2j*(FRLij) + 3j*(CHORTij) + 4j*(
NONWHITEij) + 5j*(SPEDij) + 6j*(GENDERij) + 7j*( PGPAij or PEGPAij or
PMGPAij) + rij


















Yij is the GPA at the ROS (all classes, ELA classes or Math classes) for student i
in school j
GRADEij is the grade level entering the ROS for student i in school j
FRLij is 1 if qualified for free or reduced lunch for student i in school j
CHORTij is the cohort at the ROS for student i in school j
NONWHITEij is the racial category for student i in school j
SPEDij is 1 if Special Education for student i in school j
GENDERij is 1 if female for student i in school j
PGPAij is the GPA for student i in school j
PEGPAij is the GPA in prior English classes for student i in school j
PMGPAij is the GPA in prior Mathematics classes for student i in school j
0j is the centered mean GPA at ROS for school j
1j is the average change in GPA at the ROS for each grade level change
compared to 9th grade for students in school j holding all else constant
2j is the average change in GPA at the ROS for free or reduced lunch students
compared to non-free or reduced lunch students in school j holding all else
constant
3j is the average change in GPA at the ROS for each cohort year change
compared to cohort 1 for students in school j holding all else constant
4j is the average change in GPA at the ROS for Non-White students compared to
White students in school j holding all else constant
5j is the average change in GPA at the ROS for Special Education students
compared to non-Special Education students in school j holding all else constant
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6j is the average change in GPA at the ROS for female students compared to
male students in school j holding all else constant
7j is the average change in GPA at the ROS for a 1-point increase in the prior
GPA for students in school j holding all else constant
rijis the random error associated with student i in school j, now a conditional
variance var(rij) = 2ǀx

Level 2: 0j = 00 + 01*(SATj) + 02*(ENRLj) + 03*(SCFRLj) + 04*(SBLACKj) +

05*(SHISPj) + uoj
1j = 10
2j = 20
3j = 30
4j = 40
5j = 50
6j = 60
7j = 70


















00 is the adjusted mean GPA at the ROS (all classes, ELA classes or Math
classes) for all schools
01 is the average change in GPA at the ROS for a 1-point increase in a school’s
average SAT score
02 is the average change in GPA at the ROS for an increase of 1 student in a
school’s average enrollment
03 is the average change in GPA at the ROS for a 1 percent increase in a school’s
average rate of free or reduced lunch
04 is the average change in GPA at the ROS for a 1 percent increase in a school’s
average percentage of Black students enrolled
05 is the average change in GPA at the ROS for a 1 percent increase in a school’s
average percentage of Hispanic students enrolled
SATj is the average SAT score of school j
ENRLj is the average enrollment of school j
SCFRLj is the average percentage of free or reduced lunch of school j
SBLACKj is the average percentage of Black students of school j
SHISPj is the average percentage of Hispanic students of school j
10 is the average grade level-GPA at ROS slope within schools
20 is the average free or reduced lunch-GPA at ROS slope within schools
30 is the average cohort-GPA at ROS slope within schools
40 is the average race-GPA at ROS slope within schools 
50 is the average Special Education-GPA at ROS slope within schools 
60 is the average female-GPA at ROS slope within schools
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70 is the average prior GPA-GPA at ROS slope within schools
uoj is the random error associated with school means, now a conditional variance
var(uoj) = ǀw

The variance results for model 3 allowed for a determination of the proportion of
variance explained by the school level variables through comparison with the Model 1 variance
with an R2 calculation and compared Model 2 variance with the calculation of the conditional
ICC.
Subset model with reason variables (Model 4). The ROS began using an intake form
that asked students and parents the reason for selecting an online school during the 2015-16
school year. Using a subset of the overall data that only includes students enrolling in the ROS
during the 15-16 school year and after, the analysis was repeated for all three outcome variables
utilizing the reason categories identified by students for selecting online coursework. This model
matched the Full Model without reasons with exception of the addition of the reason categories
variables at level 1.
Level 1: Yij = 0j + 1j*(GRADEij) + 2j*(FRLij) + 3j*(CHORTij) + 4j*(
NONWHITEij) + 5j*(SPEDij) + 6j*(GENDERij) + 7j*( PGPAij or PEGPAij or
PMGPAij) +8j*(ATTENDij) +9j*(BEHAVij) +10j*(FAMILYij) +11j*(FLEXij)
+12j*(HEALTHij) +13j*(OTHERij) + rij










Yij is the GPA at the ROS (all classes, ELA classes or Math classes) for student i
in school j
GRADEij is the grade level entering the ROS for student i in school j
FRLij is 1 if qualified for free or reduced lunch for student i in school j
CHORTij is the cohort at the ROS for student i in school j
NONWHITEij is the racial category for student i in school j
SPEDij is 1 if Special Education for student i in school j
GENDERij is 1 if female for student i in school j
PGPAij is the GPA for student i in school j
PEGPAij is the GPA in prior English classes for student i in school j
70

























PMGPAij is the GPA in prior Mathematics classes for student i in school j
ATTENDij is 1 if the category was identified for student i in school j
BEHAVij is 1 if the category was identified for student i in school j
FAMILYij is 1 if the category was identified for student i in school j
FLEXij is 1 if the category was identified for student i in school j
HEALTHij is 1 if the category was identified for student i in school j
OTHERij is 1 if the category was identified for student i in school j
0j is the centered mean GPA at ROS for school j
1j is the average change in GPA at the ROS for each grade level change
compared to 9th grade for students in school j holding all else constant
2j is the average change in GPA at the ROS for free or reduced lunch students
compared to non-free or reduced lunch students in school j holding all else
constant
3j is the average change in GPA at the ROS for each cohort year change
compared to cohort 1 for students in school j holding all else constant
4j is the average change in GPA at the ROS for Non-White students compared to
White students in school j holding all else constant
5j is the average change in GPA at the ROS for Special Education students
compared to non-Special Education students in school j holding all else constant
6j is the average change in GPA at the ROS for female students compared to
male students in school j holding all else constant
7j is the average change in GPA at the ROS for a 1-point increase in the prior
GPA for students in school j holding all else constant
8j is the average change in GPA at the ROS for students identifying attendance
category as a reason for enrollment compared to students who did not in school j
holding all else constant
9j is the average change in GPA at the ROS for students identifying behavioral
category as a reason for enrollment compared to students who did not in school j
holding all else constant
10j is the average change in GPA at the ROS for students identifying family
category as a reason for enrollment compared to students who did not in school j
holding all else constant
11j is the average change in GPA at the ROS for students identifying flexibility
category as a reason for enrollment compared to students who did not in school j
holding all else constant
12j is the average change in GPA at the ROS for students identifying health
category as a reason for enrollment compared to students who did not in school j
holding all else constant
13j is the average change in GPA at the ROS for students identifying other
category as a reason for enrollment compared to students who did not in school j
holding all else constant
rijis the random error associated with student i in school j, now a conditional
variance var(rij) = 2ǀx
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Level 2: 0j = 00 + 01*(SATj) + 02*(ENRLj) + 03*(SCFRLj) + 04*(SBLACKj) +

05*(SHISPj) + uoj
1j = 10
2j = 20
3j = 30
4j = 40
5j = 50
6j = 60
7j = 70
8j = 80
9j = 90
10j = 100
11j = 110
12j = 120
13j = 130


















00 is the adjusted mean GPA at the ROS (all classes, ELA classes or Math
classes) for all schools
01 is the average change in GPA at the ROS for a 1-point increase in a school’s
average SAT score
02 is the average change in GPA at the ROS for an increase of 1 student in a
school’s average enrollment
03 is the average change in GPA at the ROS for a 1 percent increase in a school’s
average rate of free or reduced lunch
04 is the average change in GPA at the ROS for a 1 percent increase in a school’s
average percentage of Black students enrolled
05 is the average change in GPA at the ROS for a 1 percent increase in a school’s
average percentage of Hispanic students enrolled
SATj is the average SAT score of school j
ENRLj is the average enrollment of school j
SCFRLj is the average percentage of free or reduced lunch of school j
SBLACKj is the average percentage of Black students of school j
SHISPj is the average percentage of Hispanic students of school j
10 is the average grade level-GPA at ROS slope within schools
20 is the average free or reduced lunch-GPA at ROS slope within schools
30 is the average cohort-GPA at ROS slope within schools
40 is the average race-GPA at ROS slope within schools 
50 is the average Special Education-GPA at ROS slope within schools 
60 is the average female-GPA at ROS slope within schools
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70 is the average prior GPA-GPA at ROS slope within schools
80 is the average attendance-GPA at ROS slope within schools
90 is the average behavior-GPA at ROS slope within schools
100 is the average family-GPA at ROS slope within schools
110 is the average flexibility-GPA at ROS slope within schools
120 is the average health-GPA at ROS slope within schools
130 is the average other-GPA at ROS slope within schools
uoj is the random error associated with school means, now a conditional variance
var(uoj) = ǀw
Limitations and Delimitations

This study utilized a post-hoc analysis of data from a single ROS, which limited the
design and scope of the study. Because of this, the characteristics of experimental design could
not be incorporated in the study through the inclusion of a control group, and the ROS’s
development and adaptive processes continued throughout the data collection. This was
controlled for in the analysis through the CHORT variable. Additionally, the methodology
utilized to construct this sample from the data may limit the generalizability of the results. Due to
the nature of the data, more than half of the students enrolled in the ROS were removed because
there were missing prior GPA data. This included most of the students entering their freshmen
year. Future work with a focus on students entering as sophomores or juniors and tracking the
number of semesters enrolled may moderate these limitations by removing or controlling for
students with few prior classes or few classes in the ROS.
The regional online school in this dissertation fits the definition of online learning
because 100% of the content delivery is completed with an online learning tool. It does,
however, have a face-to-face requirement for coaching and support. As such, the applicability of
the results is open to interpretation for both instructional formats. Finally, the list of factors that
were utilized for reasons why online programming is selected represents a list of perceived issues
or complications with brick-and-mortar schools, rather than compiled from research sources or
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factors for which this option is actively pursued as identified via a procedural method. The data
identifying the reasons students cited for selecting online learning are also limited by the
collection method, the assumption that the counselors collecting this information recorded it
accurately, and that the inquiry was made by the counselors during every intake meeting.
Chapter III Summary
The utilization of multi-level modeling to analyze the research questions posed by this
study provided rigorous analysis that accounted for the multi-tiered nature of the data set. This
approach resulted in a more accurate analysis of the data, leading to a more reliable
understanding of the data and significance of the factors in questions. As a result, this study helps
researchers and educators develop a better understanding of the factors impacting the
performance of students in online environments, identify the next research areas of focus, and
potentially, apply specific supports within these real-world environments to assist students.
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CHAPTER IV
RESULTS
Chapter IV summarizes the analyses and results associated with each of the four research
questions including the additional analyses of the Math and ELA subsets of the full student
sample. Question one analyzed the descriptive statistics of each data set. Questions two through
four utilized multi-level modeling, the calculation of ICC, and the proportion of variance (R 2) to
explore these questions.
Research Question One: Profile of Students Taking K-12 Online Courses
Full Student Sample
Research question one was an exploration of the profile of students enrolled in the ROS.
Once the sample was analyzed and students with missing data were removed, 886 students
nested in 36 sending schools remained in the sample for the Full Model. The data sample was
then entered into SPSS Statistics. All continuous variables are presented in Table 4.1.
Table 4.1
Full Sample Continuous Variables Descriptive Statistics
Variables
Level 1
Prior GPA
ROS GPA
Level 2
Enrollment
% FRL
Ave. SAT
% Black
% Hispanic

Mean

St. Dev.

Minimum

Maximum

2.07
1.34

1.00
1.09

0.0000
0.0000

4.00
4.00

1063.23
0.43
992.06
0.15
0.16

480.50
0.28
131.52
0.21
0.17

23.6000
0.0520
743.0000
0.0056
0.0091

1924.80
0.87
1170.53
0.78
0.80

The descriptive statistics for the categorical, binary, and discrete variables of the full
student sample are presented in Table 4.2.
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Table 4.2
Full Sample Categorical, Binary, and Discrete Variables Descriptive Statistics
Variables
Gender

Frequency

Percent

Male
Female

405
481

45.7
54.3

White
Non-White
Asian
Black
Hispanic
Multi-race
Native Hawaiian/Pacific Islander
American Indian
Special Education
No
Yes
Socio-Economic Status
No
Yes
Cohort
2012-13
2013-14
2014-15
2015-16
2016-17
2017-18
2018-19
2019-20
Grade
9
10
11
12

631
255
8
94
99
48
3
3

71.2
28.8
0.9
10.6
11.2
5.4
0.3
0.3

809
77

91.3
8.7

593
293

66.9
33.1

11
39
139
154
150
157
173
63

1.2
4.4
15.7
17.4
16.9
17.7
19.5
7.1

95
215
282
294

10.7
24.3
31.8
33.2

Race

The students in the Full Student Sample were mostly White (71.2%), with more females
(54.3%) in the sample than males. The percentages of Black and Hispanic students were 3% and
8% below the mean averages for the schools enrolling them in the ROS. The schools had a wide
range in these areas with maximum values of 78% for Black students and 80% for Hispanic
students. The minimum school enrollment percentages for both these groups was 1%. The
students in this data set had an average GPA of 2.07 prior to enrolling in the ROS and on average
performed below this level of achievement, with a 1.34 GPA while enrolled at the ROS. Special
76

education students only accounted for approximately 9% of the students, and a third of all
students qualified for FRL, well below the 48% average of FRL rate for the schools previously
attended. The average school FRL enrollment ranged from 5% to 87%. The majority of the
students, 65%, were in 11th and 12th grade when enrolling in the ROS with just under 11%
enrolling as 9th grade students.
Subset of Full Sample with Reasons
The full sample was also analyzed and students from cohorts one through three were
removed because they enrolled prior to the collection of reason data during enrollment. This left
697 students nested in 35 sending schools remaining in the sample for the Subset of the Full
Sample with Reasons. Once again, the data sample was then entered into SPSS Statistics. The
continuous variables are presented in Table 4.3.
Table 4.3
Subset of Full Sample with Reasons Continuous Variables Descriptive Statistics
Variables
Level 1
Prior GPA
ROS GPA
Level 2
Enrollment
% FRL
Ave. SAT
% Black
% Hispanic

Mean

St. Dev.

Minimum

Maximum

2.17
1.45

0.98
1.10

0.0000
0.0000

4.00
4.00

1074.54
0.40
1000.52
0.14
0.15

495.37
0.27
112.42
0.21
0.16

23.6000
0.0520
743.0000
0.0056
0.0091

1924.80
0.87
1170.53
0.78
0.80

The descriptive statistics for the categorical, binary, and discrete variables are presented
in Table 4.4.
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Table 4.4
Subset of Full Sample with Reasons Categorical, Binary, and Discrete Variables Descriptive
Statistics
Variables
Gender

Frequency

Percent

Male
Female

322
375

46.2
53.8

White
Non-White
Asian
Black
Hispanic
Multi-race
Native Hawaiian/Pacific Islander
American Indian
Special Education
No
Yes
Socio-Economic Status
No
Yes
Cohort
2015-16
2016-17
2017-18
2018-19
2019-20
Grade
9
10
11
12
Attendance
No
Yes
Behavior
No
Yes
Family
No
Yes
Flexibility
No
Yes
Health
No
Yes
Other
No
Yes

516
181
4
56
79
38
2
2

74.0
26.0
0.6
8.0
11.3
5.5
0.3
0.3

641
56

92.0
8.0

477
220

68.4
31.6

154
150
157
173
63

22.1
21.5
22.5
24.8
9.0

66
151
223
257

9.5
21.7
32.0
36.9

611
86

87.7
12.3

674
23

96.7
3.3

677
20

97.1
2.9

650
47

93.3
6.7

584
113

83.8
16.2

647
50

92.8
7.2

Race
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The trends identified for the Full Sample remained for this subset. This subset of students
had slightly better average achievement prior to enrolling in the ROS than after enrollment,
approximately 0.1 higher average GPA before than after, and a 2-point decrease in the
percentage of Black students in this subset. The majority, 65.7%, did not identify a reason for
enrolling. Of the 239 students who did identify a reason, 91 identified multiple reasons for
enrolling. This represents 13.1% of the all students in the subset.
Math Sample
Once the sample was analyzed and students with missing math GPA data were removed,
668 students nested in 35 sending schools remained in the sample for the Math Model. Missing
Math GPA data occurs for students who did not take a Math class prior to enrolling at the ROS
or at the ROS. The descriptive statistics for these students are presented in Tables 4.5 and 4.6.
Table 4.5
Math Sample Continuous Variables Descriptive Statistics
Variables
Level 1
Prior Math GPA
ROS Math GPA
Level 2
Enrollment
% FRL
Ave. SAT
% Black
% Hispanic

Mean

St. Dev.

Minimum

Maximum

1.54
0.97

1.09
1.01

0.0000
0.0000

4.00
4.00

1030.45
0.44
983.24
0.17
0.16

481.66
0.28
116.32
0.23
0.17

23.6000
0.0520
743.0000
0.0056
0.0091

1924.80
0.87
1170.53
0.78
0.80

Prior Average Math achievement for students was 0.53 GPA points lower than the overall
average GPA of students prior to enrolling at the ROS. This indicates that, in general, students’
Math scores were lower grades, and Math presented challenges for students. At the ROS, the
average Math achievement was 0.37 GPA points lower than the average overall GPA at the
ROS. This shows students still performed below their average in Math classes, but the gap was
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reduced by 0.16 GPA points. Most of the trends identified in the Full Sample were consistent
with this data set except for a 2 percentage points higher jump in membership of FRL students.
Table 4.6
Math Sample Categorical, Binary, and Discrete Variables Descriptive Statistics
Variables
Gender

Frequency

Percent

Male
Female

302
366

45.2
54.8

White
Non-White
Asian
Black
Hispanic
Multi-race
Native Hawaiian/Pacific Islander
American Indian
Special Education
No
Yes
Socio-Economic Status
No
Yes
Cohort
2012-13
2013-14
2014-15
2015-16
2016-17
2017-18
2018-19
2019-20
Grade
9
10
11
12

476
192
6
81
68
32
2
3

71.3
28.7
0.9
12.1
10.2
4.8
0.3
0.4

603
65

90.3
9.7

434
234

65.0
35.0

9
34
121
127
106
103
124
44

1.3
5.1
18.1
19.0
15.9
15.4
18.6
6.6

71
185
248
164

10.6
27.7
37.1
24.6

Race

Math Sample with Reasons
Once the Math sample was analyzed and students from cohorts one through three were
removed, 504 students nested in 33 sending schools remained in the sample for the Math Model.
The descriptive statistics for these students are presented in Tables 4.7 and 4.8.
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Table 4.7
Math Sample with Reasons Continuous Variables Descriptive Statistics
Variables
Level 1
Prior Math GPA
ROS Math GPA
Level 2
Enrollment
% FRL
Ave. SAT
% Black
% Hispanic

Mean

St. Dev.

Minimum

Maximum

1.65
1.07

1.10
1.05

0.0000
0.0000

4.00
4.00

1045.61
0.41
993.33
0.15
0.14

503.56
0.27
115.80
0.23
0.15

23.6000
0.0520
743.0000
0.0056
0.0091

1924.80
0.87
1170.53
0.78
0.80

The students in this subset showed little to no differences in their descriptive statistics
when compared to the Full Sample. Their reasons were also consistently distributed when
compared to the Full Sample with Reasons.
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Table 4.8
Math Sample with Reasons Categorical, Binary, and Discrete Variables Descriptive
Statistics
Variables
Gender

Frequency

Percent

Male
Female

229
275

45.4
54.6

White
Non-White
Asian
Black
Hispanic
Multi-race
Native Hawaiian/Pacific Islander
American Indian
Special Education
No
Yes
Socio-Economic Status
No
Yes
Cohort
2015-16
2016-17
2017-18
2018-19
2019-20
Grade
9
10
11
12
Attendance
No
Yes
Behavior
No
Yes
Family
No
Yes
Flexibility
No
Yes
Health
No
Yes
Other
No
Yes

378
126
2
43
53
24
2
2

75.0
25.0
0.4
8.5
10.5
4.8
0.4
0.4

459
45

91.1
8.9

337
167

66.9
33.1

127
106
103
124
44

25.2
21.0
20.4
24.6
8.7

47
126
193
138

9.3
25.0
38.3
27.4

430
74

85.3
14.7

484
20

96.0
4.0

485
19

96.2
3.8

464
40

92.1
7.9

404
100

80.2
19.8

461
43

91.5
8.5

Race
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ELA Sample
After removing students from the Full sample that did not have a prior ELA GPA or a
ROS ELA GPA, the ELA Sample consisted of 658 students nested in 35 sending schools. The
descriptive statistics for these students are presented in Tables 4.9 and 4.10.
Table 4.9
ELA Sample Continuous Variables Descriptive Statistics
Variables
Level 1
Prior ELA GPA
ROS ELA GPA
Level 2
Enrollment
% FRL
Ave. SAT
% Black
% Hispanic

Mean

St. Dev.

Minimum

Maximum

1.77
1.16

1.11
1.09

0.0000
0.0000

4.00
4.00

1045.09
0.44
983.46
0.17
0.16

493.73
0.27
115.95
0.23
0.16

23.6000
0.0520
743.0000
0.0056
0.0091

1924.80
0.87
1170.53
0.78
0.80

Student achievement in this subset was slightly lower than the average achievement in
the full sample but higher than the average student achievement in the Math Sample. All other
statistics were consistent with the Full Sample.
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Table 4.10
ELA Sample Categorical, Binary, and Discrete Variables Descriptive Statistics
Variables
Gender

Frequency

Percent

Male
Female

299
359

45.4
54.6

White
Non-White
Asian
Black
Hispanic
Multi-race
Native Hawaiian/Pacific Islander
American Indian
Special Education
No
Yes
Socio-Economic Status
No
Yes
Cohort
2012-13
2013-14
2014-15
2015-16
2016-17
2017-18
2018-19
2019-20
Grade
9
10
11
12

469
189
6
80
65
33
2
3

71.3
28.7
0.9
12.2
9.9
5.0
0.3
0.5

589
69

89.5
10.5

433
225

65.8
34.2

7
30
111
123
116
104
126
41

1.1
4.6
16.9
18.7
17.6
15.8
19.1
6.2

65
192
242
159

9.9
29.2
36.8
24.2

Race

ELA Sample with Reasons
Once the students from cohorts one through three were removed from the ELA Sample
with Reasons, 510 students nested in 34 sending schools remained in the sample for the ELA
Model with Reasons. The descriptive statistics for these students are presented in Tables 4.11
and 4.12.
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Table 4.11
ELA Sample with Reasons Continuous Variables Descriptive Statistics
Variables
Level 1
Prior ELA GPA
ROS ELA GPA
Level 2
Enrollment
% FRL
Ave. SAT
% Black
% Hispanic

Mean

St. Dev.

Minimum

Maximum

1.86
1.29

1.11
1.12

0.0000
0.0000

4.00
4.00

1065.34
0.41
992.85
0.15
0.14

515.56
0.27
115.37
0.23
0.15

23.6000
0.0520
743.0000
0.0056
0.0091

1924.80
0.87
1170.53
0.78
0.80

The average student achievement in ELA was slightly higher for this subset than for the
ELA Sample but remained below the average achievement of the Full Sample. All other trends
were consistent with the Full Sample.
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Table 4.12
ELA Sample with Reasons Categorical, Binary, and Discrete Variables Descriptive Statistics
Variables
Gender

Frequency

Percent

Male
Female

233
277

45.7
54.3

White
Non-White
Asian
Black
Hispanic
Multi-race
Native Hawaiian/Pacific Islander
American Indian
Special Education
No
Yes
Socio-Economic Status
No
Yes
Cohort
2015-16
2016-17
2017-18
2018-19
2019-20
Grade
9
10
11
12
Attendance
No
Yes
Behavior
No
Yes
Family
No
Yes
Flexibility
No
Yes
Health
No
Yes
Other
No
Yes

378
132
2
46
54
26
2
2

74.1
25.9
0.4
9.0
10.6
5.1
0.4
0.4

460
50

90.2
9.8

347
163

68.0
32.0

123
116
104
126
41

24.1
22.7
20.4
24.7
8.0

44
133
191
142

8.6
26.1
37.5
27.8

437
73

85.7
14.3

489
21

95.9
4.1

491
19

96.3
3.7

469
41

92.0
8.0

409
101

80.2
19.8

468
42

91.8
8.2

Race
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Research Question Two: Percentage of Variation in Student Achievement Accounted for
by Between-School Variables
The unconditional model (model 1) was utilized to determine a baseline understanding
of the between- and within-school variance in order to calculate the ICC. The conditional ICC
and proportion of variance were determined for the control model (model 2), the full model
without reasons (model 3) for the Full Student Sample, and the Subset of the Full Sample with
Reasons. Additionally, the conditional ICC and proportion of variance were calculated for the
full Model with Reasons (model 4) for the subset. These calculations were repeated for Math
Sample, Math Sample with Reasons, the ELA Sample, and the ELA Sample with Reasons, as
well.
Unconditional ICC
Full student sample and subset of full sample with reasons. The results of these
calculations for the full student sample and the subset sample with reasons is summarized in
Table 4.13. As indicated, the ICC for the full sample was 0.12, indicating that 12% of the
variance was due to differences in factors between schools while 88% was due to factors within
the schools. The unconditional ICC for the subset was determined to be 0.10. These results are
consistent with the findings of Rodriguez and Nickodem (2018), indicating a typical result of
less than 20% of variance is based on between-school factors.
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Table 4.13
Model 1 Results for Full Student Sample and Subset of Full Sample with Reasons
Full Sample
Fixed effect
Estimate
SE
Intercept
1.33***
0.078
Random effects
Variance
p
Level-2
0.14
< .001
Level-1
1.04
Intraclass correlation
0.12
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05.

Full Sample with Reasons
Estimate
SE
1.40***
0.078
Variance
p
0.13
< .001
1.10
0.10

Math samples and ELA samples. The results for Math and ELA represented in Tables
4.14 and 4.15 vary from a low of 4.1% to a high of 8.4%.
Table 4.14
Model 1 Results for Math Student Sample and Math Sample with Reasons
Math Sample
Fixed effect
Estimate
SE
Intercept
0.97***
0.065
Random effects
Variance
p
Level-2
0.071
<.001
Level-1
0.960
Intraclass correlation
0.069
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05.

Math Sample with Reasons
Estimate
SE
1.04***
0.063
Variance
p
0.045
0.013
1.060
0.041

These values are also in the expected range and indicate the majority of variance is within
schools rather than between schools.
Table 4.15
Model 1 Results for ELA Student Sample and ELA Sample with Reasons
ELA Sample

ELA Sample with
Reasons
Estimate
SE
1.27***
0.074
Variance
P
0.076
0.001
1.180
0.061

Fixed effect
Estimate
SE
Intercept
1.18***
.076
Random effects
Variance
P
Level-2
0.100
<.001
Level-1
1.090
Intraclass correlation
0.084
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05.
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Research Question Three: Significant Student-level and School-level Predictors
An understanding of the significant factors impacting student achievement was part of the
analysis and the results from Model 3 identify these factors.
Full Student Sample
The results for Model 2 and Model 3 are summarized in Table 4.16 and include the
conditional ICCs.
Proportion of variance. After the level-1 covariates were added for Model 2, the level-1
variance identified in Model 1 was reduced by 35%. Model 3 data includes the level-2 factors
and shows the calculated Proportion of Variance at level-2 calculation relative to Model 1. When
compared to Model 1, adding the level-2 variables explained 48% of the original variance.
Significant predictors of student achievement. For the Full Sample, Model 3 identified
four significant predictors and one marginally significant predictor of student achievement. The
significant level-1 within school factors included prior GPA, special education status, FRL
status, and cohort. A student’s prior GPA is a positive predictor of their achievement at the ROS,
as defined by their ROS GPA, and indicated a 0.59 average increase in the ROS GPA for every
1.0 increase in prior GPA. Special Education status was a negative predictor, indicating an
average decrease of 0.23 points in ROS GPA for students who have an IEP. FRL qualification
was also a negative predictor, showing an average drop of 0.17 points in ROS GPA for students
who qualify. Cohort year predicted an average increase of 0.046 points in ROS GPA for each
year after the year one cohort.
At level-2, the prior school’s average SAT score was the only significant predictor of
student achievement. For every 1-point increase in a sending school’s average SAT, the student’s
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ROS GPA increased by an average of 0.0035 points. A 100-point increase in the school’s
average SAT equates to an average increase of 0.35 points in the student’s ROS GPA.
Table 4.16
Results for Full Student Sample
Fixed effect
Intercept
Level-1

Model 1
Estimate
SE
1.33***
0.078

PGPA
GENDER
NONWHITE
SPED
FRL
CHORT
GRADE

Model 2
Estimate
SE
1.32***
0.079

Model 3
Estimate
SE
1.26**
0.057

0.59***
0.035
-0.14
-0.23*
-0.17***
0.046**
0.017

0.59***
0.035
-0.14
-0.23*
-0.17***
0.046**
0.017

0.046
0.048
0.080
0.089
0.044
0.014
0.032

0.046
0.048
0.080
0.089
0.044
0.014
0.032

Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Variance
p
Variance
p
Level-2
0.14
< .001
0.17
< .001
Level-1
1.04
0.67
Proportion of variance
at level 1 over model 1
explained
0.35
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05, † .05 < p < .07

0.000039
0.00014
0.59
0.78
0.0035**
0.0013
-0.49
0.36
0.090
0.54
Variance
p
0.075
< .001
0.67
at level 2 over model 1
0.48

Subset of Full Sample with Reasons
Proportion of variance. The results for model 2 and model 3 are summarized in Table
4.17 and include the proportion of variance calculation. The level-1 variables explained 34% of
the original variance at level-1 from Model 1. The Model 3 data shows that the amount of
variance at level-2 compared to Model 1 was reduced by 41% for the Full Sample with Reasons
by adding the level-2 factors.
Significant predictors of student achievement. For the Full Sample with Reasons, prior
GPA, special education status, and FRL status were significant at level-1. Prior GPA is a positive
predictor of ROS GPA and indicated a 0.63 average increase in the ROS GPA for every 1.0
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increase in prior GPA. Special education stats was a negative predictor indicating an average of
0.22 GPA points lower for students with an IEP compared to students without an IEP. FRL was a
negative predictor, showing an average drop of 0.13 points in ROS GPA for students who
qualify. At level-2, average SAT was again a positive significant predictor of achievement with a
1-point increase in school SAT equating to an average 0.0034-point increase in student GPA, or
a 0.34 average increase in ROS GPA for every 100-point increase in school SAT.
Table 4.17
Results for Subset of Full Sample with Reasons
Fixed effect
Intercept
Level-1

Model 1
Estimate
SE
1.40***
0.078

PGPA
GENDER
NONWHITE
SPED
FRL
CHORT
GRADE

Model 2
Estimate
SE
1.39***
0.080

Model 3
Estimate
SE
1.33***
0.060

0.63***
0.012
-0.16
-0.22*
-0.13*
0.029
-0.015

0.63***
0.012
-0.16
-0.22*
-0.13*
0.029
-0.015

0.046
0.057
0.099
0.10
0.055
0.027
0.045

0.046
0.057
0.099
0.10
0.055
0.027
0.045

Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Variance
p
Variance
p
Level-2
0.13
< .001
0.16
< .001
Level-1
1.10
0.72
Proportion of variance
at level 1 over model 1
explained
0.34
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05, † .05 < p < .07

0.000098
0.00014
0.66
0.77
0.0034*
0.0013
-0.31
0.37
0.024
0.53
Variance
p
0.075
< .001
0.72
at level 2 over model 1
0.41

Math Samples
Proportion of variance. The Model 2 and Model 3 results for the Math Student Sample
and the Math Sample with Reasons are summarized in Tables 4.18 and 4.19. Adding the level-1
variables to Model 2 reduced the level-1 variance by 24% for both the Math Sample and the
Math Sample with Reasons as compared to Model 1. For Model 3, the amount of variance at
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level-2 was reduced by 46% for the Math Sample and 44% for the Math Sample with Reasons
compared to Model 1 by adding the level-2 factors.
Table 4.18
Results for Math Student Sample
Fixed effect
Intercept
Level-1

Model 1
Estimate
SE
0.97***
0.065

PMGPA
GENDER
NONWHITE
SPED
FRL
CHORT
GRADE

Model 2
Estimate
SE
0.96***
0.065

Model 3
Estimate
SE
0.90***
0.045

0.41***
-0.0073
-0.14
-0.35**
-0.11†
0.042†
-0.023

0.41***
-0.0073
-0.14
-0.35**
-0.11†
0.042†
-0.023

0.045
0.053
0.098
0.12
0.060
0.023
0.037

0.045
0.053
0.098
0.12
0.060
0.023
0.037

Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Variance
p
Variance
p
Level-2
0.071
<.001
0.084
<.001
Level-1
0.96
0.73
Proportion of variance
at level 1 over model 1
explained
0.24
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05; † .05 < p < .07

0.00010
0.00012
0.22
0.80
0.0021
0.0015
-0.022
0.28
-0.25
0.45
Variance
p
0.038
0.005
0.72
at level 2 over model 1
0.46

Significant predictors of student achievement. For the Math Sample, the significant
level-1 factors included prior Math GPA, special education status, FRL status, and cohort. Prior
Math GPA is a positive predictor of ROS Math GPA, indicating a 0.41 average increase in the
ROS Math GPA for every 1.0 increase in prior Math GPA. Special Education status was a
negative predictor, indicating an average decrease of 0.35 points in ROS Math GPA for students
who have an IEP. FRL qualification was a marginally significant negative predictor showing an
average drop of 0.11 points in ROS Math GPA for students who qualify. Cohort year was
marginally significant and predicted an increase of 0.042 points in ROS Math GPA for each year
after the year one cohort.
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For the Math Sample with Reasons, prior Math GPA and special education status were
significant at level-1 with prior Math GPA leading to an average increase of 0.44 in ROS Math
GPA and Special Education status leading to an average decrease of 0.46 ROS Math GPA
points. There were no statistically significant factors at level-2 for this subset.
Table 4.19
Results for Math Sample with Reasons
Fixed effect
Intercept
Level-1

Model 1
Estimate
SE
1.04***
0.063

PMGPA
GENDER
NONWHITE
SPED
FRL
CHORT
GRADE

Model 2
Estimate
SE
1.02***
0.065

Model 3
Estimate
SE
0.95***
0.046

0.44***
-0.027
-0.084
-0.46***
-0.078
0.026
-0.074

0.44***
-0.027
-0.084
-0.46***
-0.078
0.026
-0.074

0.050
0.069
0.14
0.13
0.076
0.037
0.049

0.050
0.069
0.14
0.13
0.076
0.037
0.049

Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Variance
p
Variance
p
Level-2
0.045
0.013
0.066
<.001
Level-1
1.06
0.80
Proportion of variance
at level 1 over model 1
explained
0.24
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05, † .05 < p < .07

0.00017
0.00012
0.12
0.71
0.0017
0.0014
0.29
0.23
-0.38
0.42
Variance
p
0.025
0.089
0.80
at level 2 over model 1
0.44

ELA Samples
Proportion of variance. Adding the level-1 variables reduced the level-1 variance 23%
compared to Model 1 for the ELA Sample. For the ELA Sample with Reasons, the level-1
variance was reduced 22% from Model 1. Model 3 data included the level-2 factors and showed
the Proportion of Variance calculations relative to model 1. For the ELA Sample, the reduction
of level-2 variance over Model 1 was 35% and there was a decrease of 24% of variance
explained at level 2 for the ELA Sample with Reasons.
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Table 4.20
Results for ELA Student Sample
Fixed effect
Intercept
Level-1

Model 1
Estimate
SE
1.18***
.076

PEGPA
GENDER
NONWHITE
SPED
FRL
CHORT
GRADE

Model 2
Estimate
SE
1.17***
0.076

Model 3
Estimate
SE
1.10***
0.061

0.40***
0.025
-0.13
-0.27**
-0.25**
0.10***
-0.054

0.40***
0.025
-0.13
-0.27**
-0.25**
0.10***
-0.054

0.041
0.065
0.086
0.095
0.080
0.025
0.037

0.041
0.065
0.086
0.095
0.080
0.025
0.037

Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Variance
p
Variance
p
Level-2
0.10
<.001
0.12
<.001
Level-1
1.09
0.84
Proportion of variance
at level 1 over model 1
explained
0.23
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05, † .05 < p < .07

0.00015
0.00016
0.35
0.75
0.0018
0.0016
-0.12
0.33
-0.65
0.41
Variance
p
0.067
<.001
0.84
at level 2 over model 1
0.35

Significant predictors of student achievement. The ELA Sample analysis indicated the
significant level-1 factors included prior ELA GPA, special education status, FRL status, and
cohort. A student’s prior ELA GPA positively predicts a 0.40 average increase in the ROS ELA
GPA for every 1.0 increase in prior ELA GPA. Special Education status was a negative
predictor, indicating an average decrease of 0.27 points in ROS ELA GPA for students who have
an IEP. FRL qualification was also a negative predictor, showing an average drop of 0.25 points
in ROS ELA GPA for students who qualify. Cohort year predicted an average increase of 0.10
points in ROS ELA GPA for each year after the year one cohort. No level-2 variables were
significant predictors for the ELA Sample.
For the ELA Sample with Reasons, prior ELA GPA, special education status, and FRL
status were significant predictors at level-1. Grade was a marginally significant predictor at
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level-1. Prior ELA GPA positively predicts a 0.45 average increase in the ROS ELA GPA for
every 1.0 increase in prior ELA GPA. Special Education status was a negative predictor,
indicating an average decrease of 0.33 points in ROS ELA GPA for students who have an IEP.
FRL qualification was also a negative predictor, showing an average drop of 0.21 points in ROS
ELA GPA for students who qualify. Grade predicted an average decrease of 0.10 points in ROS
ELA GPA for each year increase over the ninth grade.
Table 4.21
Results for ELA Sample with Reasons
Model 1
Estimate
SE
1.27***
0.074

Fixed effect
Intercept
Level-1
PEGPA
GENDER
NONWHITE
SPED
FRL
CHORT
GRADE

Model 2
Estimate
SE
1.27***
0.076

Model 3
Estimate
SE
1.19***
0.065

0.45***
0.019
-0.14
-0.33**
-0.21*
0.073
-0.10†

0.45***
0.019
-0.14
-0.33**
-0.21*
0.073
-0.10†

0.043
0.090
0.095
0.11
0.089
0.046
0.049

0.043
0.090
0.095
0.11
0.089
0.046
0.049

Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Variance
p
Variance
p
Level-2
0.076
0.001
0.10
<.001
Level-1
1.18
0.92
Proportion of variance
at level 1 over model 1
explained
0.22
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05, † .05 < p < .07

0.00014
0.00015
0.60
0.81
0.0024
0.0017
0.045
0.34
-0.73
0.48
Variance
p
0.058
0.004
0.92
at level 2 over model 1
0.24

Research Question Four: Reasons Associated with Student Achievement
The final research question explored the impact of a student’s reason for choosing online
coursework by identifying the percentage of variation explained by student choice and whether
the number of identified reasons was a significant predictor of student success.
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Subset of Full Sample with Reasons
For the purpose of this research question, Model 4 was utilized for the Full Sample with
Reasons and adds each of the reason category variables at level-1 for the analysis. Adding the
REASON variable at level-1 resulted in a 1.0% decrease in the remaining level-1 variance in
Model 4 compared to Model 2, indicating the effect size is small for any significant variables.
The addition of the six level-1 reason covariates produced a single, significant predictor
of student success. The Health category of identified reasons was a negative predicator with a
small effect size and indicated an average decrease of 0.25 GPA points at the ROS for students
that identified this as a reason for enrollment. The trends for significant predictors that were
evident in Models 2 and 3 continued with prior GPA being a strong predictor with an average
0.64 ROS GPA increase per 1.0 increase in prior GPA, special education status was a negative
predictor showing a 0.23 average decrease in ROS GPA, student FRL status was a negative
marginally significant predictor of an average 0.11 ROS GPA drop for students with this status,
and school SAT average identified as a positive predictor of student achievement with a 0.0035
average ROS GPA increase per 1-point increase in average school SAT score.
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Table 4.22
Model 4 Results for Subset of Full Sample with Reasons
Fixed effect
Intercept
Level-1
PGPA
GENDER
NONWHITE
SPED
FRL
CHORT
GRADE
ATTEND
BEHAV
FAMILY
FLEX
HEALTH
OTHER
Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Level-2

Model 1
Estimate
SE
1.40***
0.078

Variance
0.13

p
< .001

Model 2
Estimate
SE
1.39*** 0.080

Model 3
Estimate
SE
1.33***
0.060

Model 4
Estimate
SE
1.33***
0.060

0.63***
0.012
-0.16
-0.22*
-0.13*
0.029
-0.015

0.63***
0.012
-0.16
-0.22*
-0.13*
0.029
-0.015

0.046
0.057
0.099
0.10
0.055
0.027
0.045

0.64***
0.025
-0.16
-0.23*
-0.11†
0.041
-0.033
0.12
-0.073
-0.29
-0.10
-0.25*
0.067

0.043
0.057
0.10
0.10
0.056
0.027
0.048
0.13
0.16
.023
0.12
0.10
0.12

0.000098
0.66
0.0034*
-0.31
0.024
Variance
0.075

0.00014
0.77
0.0013
0.37
0.53
p
< .001

0.000098
0.67
0.0035*
-0.31
0.023
Variance
0.076

0.00014
0.77
0.0013
0.37
0.53
p
<.001

Variance
0.16

0.046
0.057
0.099
0.10
0.055
0.027
0.045

p
<
.001

Level-1
1.10
0.72
Proportion of
at level 1 over
variance
model 1
explained
0.34
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05, † .05 < p < .07

0.72
at level 2 over model
1
0.41

0.72
at level 1 over model 2
0.010

Math Sample with Reasons
Model 4 methodology was also utilized for the Math Sample with Reasons. Adding the
reason variables at level-1 resulted in a 2.2% decrease of unexplained variance at level-1 as
compared to Model 2. This small effect size indicates that adding the reasons variables had a
small impact on the amount of variance explained at level-1.
Two of the reason categories were identified as significant predictors with a small effect
size for Math ROS GPA in Model 4. Students identifying behavioral reasons for selecting online
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classwork had an average 0.46 higher GPA at the ROS for Math classes and those identifying
family reasons for selecting online learning had a 0.50 average decrease in their ROS GPA in
Math classes. Prior student achievement continued to be a positively significant predictor with a
0.44 ROS Math GPA average increase for each 1.0 increase in prior Math GPA and student
Special Education status was a negatively significant predictor of student achievement with an
average drop of 0.46 GPA points for Special Education students.
Table 4.23
Model 4 Results for Math Sample with Reasons
Model 1
Model 2
Fixed effect
Estimate
SE
Estimate
SE
Intercept
1.04*** 0.063
1.02*** 0.065
Level-1
PMGPA
0.44*** 0.050
GENDER
-0.027
0.069
NONWHITE
-0.084
0.14
SPED
-0.46***
0.13
FRL
-0.078
0.076
CHORT
0.026
0.037
GRADE
-0.074
0.049
ATTEND
BEHAV
FAMILY
FLEX
HEALTH
OTHER
Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random
Variance
p
Variance
p
effects
Level-2
0.045
0.013
0.066
<.001
Level-1
1.06
0.80
Proportion of
at level 1 over
variance
model 1
explained
0.24
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05; † .05 < p < .07
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Model 3
Estimate
SE
0.95***
0.046

Model 4
Estimate
SE
0.95***
0.046

0.44***
-0.027
-0.084
-0.46***
-0.078
0.026
-0.074

0.050
0.069
0.14
0.13
0.076
0.037
0.049

0.44***
0.026
-0.081
-0.46***
-0.049
0.028
-0.057
0.11
0.46*
-0.50*
-0.069
-0.057
0.19

0.054
0.066
0.13
0.12
0.080
0.036
0.051
0.15
0.19
0.20
0.10
0.12
0.11

0.00017
0.12
0.0017
0.29
-0.38
Variance

0.00012
0.71
0.0014
0.23
0.42
p

0.00017
0.12
0.0017
0.29
-0.38
Variance

0.00012
0.71
0.0014
0.23
0.42
P

0.025
0.089
0.80
at level 2 over
model 1
0.44

0.026
0.079
0.79
at level 1 over model
2
0.022

ELA Sample with Reasons
For the ELA Sample with Reasons, adding the reason variables at level-1 produced a
decrease in the unexplained variance at level-1 of 0.19% when compared to Model 2. Unlike the
previous two Model 4 analyses, none of the reason category variables were statistically
significant in this analysis. Prior student achievement in ELA was a significant positive
predictor, increasing ROS ELA GPA 0.44 points for every 1.0 increase in prior ELA GPA.
Student Special Education status and FRL status were both negatively significant predictors of
student achievement. ROS ELA GPA was decreased by 0.34 and 0.22 points on average,
respectively, for students as compared to students who do not have these statuses.
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Table 4.24
Model 4 Results for ELA Sample with Reasons
Model 1
Model 2
Fixed effect
Estimate
SE
Estimate
SE
Intercept
1.27***
0.074
1.27***
0.076
Level-1
PEGPA
0.45***
0.043
GENDER
0.019
0.090
NONWHITE
-0.14
0.095
SPED
-0.33**
0.11
FRL
-0.21*
0.089
CHORT
0.073
0.046
GRADE
-0.10†
0.049
ATTEND
BEHAV
FAMILY
FLEX
HEALTH
OTHER
Level-2
ENRL
SCFRL
SAT
SBLACK
SHISP
Random effects
Variance
p
Variance
p
Level-2
0.076
0.001
0.10
<.001
Level-1
1.18
0.92
Proportion of
at level 1 over
variance
model 1
explained
0.22
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05; † .05 < p < .07

Model 3
Estimate
SE
1.19***
0.065

Model 4
Estimate
SE
1.19***
0.065

0.45***
0.019
-0.14
-0.33**
-0.21*
0.073
-0.10†

0.44***
0.013
-0.13
-0.34**
-0.22*
0.058
-0.082
0.067
0.046
-0.036
0.13
0.074
0.18

0.043
0.090
0.095
0.11
0.089
0.046
0.049

0.00014
0.00015
0.60
0.81
0.0024
0.0017
0.045
0.34
-0.73
0.48
Variance
p
0.058
0.004
0.92
at level 2 over model
1
0.24

0.044
0.084
0.097
0.11
0.093
0.050
0.049
0.20
0.21
0.21
0.13
0.14
0.12

0.00014
0.00015
0.60
0.81
0.0024
0.0017
0.045
0.34
-0.73
0.48
Variance
P
0.058
0.004
0.92
at level 1 over model 2
0.0019

Chapter IV Summary
In this chapter, I analyzed the level-1 and level-2 factors that potentially predict student
success in online learning. To accomplish this goal, four multi-level models were utilized. The
unconditional model (Model 1) indicated 12% of the variance was explained at the school level
for the Full Sample. Model 2 added student-level variables, and by adding these variables, the
variance explained at level-1 was reduced 35% for the Full Student Sample. Model 3 added
school-level variables which reduced the variance explained at level-2 by 48% compared to
Model 1. This pattern was consistent for each of the data subsets.
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The compiled data from the Model 2 and 3 results provide a picture of statistically
significant variables for this data set. In each iteration of the data set, previous GPA, whether
overall, Math, or ELA, was a significant positive predictor of the students’ ROS GPA in each
area at p<0.001. Also, at the student level, Special Education status was a negative predictor for
every grouping of the data set apart from the Subset of the Full Sample with Reasons. Student
FRL status also was a significant negative predictor of achievement for all the analyses except
the Math Sample with Reasons. Cohort, a control variable included to account for the change in
the ROS program over time, was a significant positive predictor of achievement for the analyses
of the Full Set for total achievement, Math achievement, and ELA achievement. Grade was
marginally significant in Model 3 for the ELA Sample with Reasons as a negative predictor. For
the reason category variables at level 1 that were added in Model 4, Health was a significant
negative predictor for the Full Sample with Reasons. For the Math Sample with Reasons,
Behavior was a significant positive predictor and Family was a significant negative predictor, but
all had small effect sizes. At level 2, School Average SAT was the only significant predictor. It
was a significant positive predictor for the Full Sample and the Subset of the Full Sample with
Reasons.
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CHAPTER V
DISCUSSION
The purpose of this study was to determine what student-level and school-level factors
were predictors of student achievement in online high school courses. In addition, this project
analyzed the reasons students selected online courses and sought to determine if the reason
categories identified were significant predictors of student achievement. To answer these
questions, multiple, nested models were created to analyze a data set from a regional online
school using HLM methodology. The data set included 886 students nested in 36 schools. This
chapter will discuss the key findings resulting from these analyses, identify the implications
these findings have for school leaders, share recommendations for future study in this area, and
summarize this study’s final conclusions.
Key Findings
The first research question examined the data set to describe the profile of students taking
online courses. Research questions two and three focused on the variance between-schools and
within-schools along with the significant predictive factors at the student level and school level.
The final question considered the reasons students select online coursework and whether the
reasons they identified were predictive of their success. Basic descriptive statistics were utilized
for question one and HLM methodology was utilized to answer questions two through four.
Research Question One: Profile of Students Taking K-12 Online Courses
Research question one was focused on the profile of students taking K-12 online courses.
The data set included the following student and school-level variables for 886 students from 36
schools:
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Student-Level
● Grade Level
● Socioeconomic Status
● Race as Non-White vs. White
● Special Education Status
● Gender
● Cohort
● Overall GPA prior to enrollment in ROS
● GPA in ELA classes prior to enrollment in ROS
● GPA in Mathematics classes prior to enrollment in ROS
● Reason categories for selecting online coursework
○ Attendance
○ Behavior
○ Family
○ Flexibility
○ Health
○ Other
School-Level
● Average SAT
● Average enrollment
● Average percentage of students qualifying for free or reduced lunch
● Average percentage of Black students enrolled
● Average percentage of Hispanic students enrolled
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The descriptive statistics for the full student sample showed that the students enrolling in
the ROS were mostly White (71.2%), non-Special Education (91.3%), did not qualify for FRL
(66.9%), and while there, had a broad range of prior achievement as measured by GPA (0.00 –
4.00); on average they were “C” students (2.07 average prior GPA).
The results of the analysis of student-level variables were then compared to the analysis
of the school-level statistics. The differences relative to the averages for the prior schools
attended can be identified and show how the ROS’s demographics align or vary from the average
demographics of the prior schools. The 36 prior schools attended by students had an average
enrollment of 15% for Black students while 10.6% of the ROS enrollments were Black students.
For Hispanic students, the average enrollment percentage was 16% for the prior schools and
11.2% for the ROS. Analyzing the gender of students showed that 54.3% of students in the
program were female while the countywide average from 2015-2018 indicates that 48.6% of
students were female. Special Education students represented 8.7% of the enrollment at the ROS,
while the county average during this time was 11.3% for students with an IEP. Additionally, the
schools sending students to the ROS had an average FRL rate of 43% as compared to the ROS
percentage of 33.1% of enrollments. Overall, the students in the ROS were less racially diverse
and less ‘at-risk’ socioeconomically than the school average from the county. These results are
outlined in Table 5.1.
Table 5.1
Level-2 Demographic Comparison
School-level Variable
% Black students
% Hispanic students
% Female students
% students with IEPs
% of students who qualify for FRL

ROS
10.6
11.2
48.6
8.7
33.1
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County Average
15.0
16.0
54.3
11.3
43.0

Research Question Two: Percentage of Student Achievement Variation Accounted for by
Between-School Variables
To address the question posed by research question two, four HLM models were utilized.
Model 1, the unconditional model, determined the unconditional ICC for each of the six versions
of the data set. Model 2 added the student-level variables to control for the effects of these
student-level variables. The resulting R2L1 values for this model are summarized in Table 5.2.
Table 5.2
Model 2 R2L1
R2L1
0.35
0.34
0.24
0.24
0.23
0.22

Data set
Full Student Sample
Subset of Full Sample with Reasons
Math Sample
Math Sample with Reasons
ELA Sample
ELA Sample with Reasons

Once the student-level variables are added, the variance explained at level-1 was reduced
between 22% to 35% from the variance at level-1 in Model 1.
Model 3 adds the school-level factors to examine their effects and for control. The
resulting conditional R2L2 values for this model are listed in Table 5.3.
Table 5.3
Model 3 R2L2
R2L2
0.48
0.41
0.46
0.44
0.35
0.24

Data set
Full Student Sample
Subset of Full Sample with Reasons
Math Sample
Math Sample with Reasons
ELA Sample
ELA Sample with Reasons
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These results show that the unexplained variance between schools at level-2 was reduced 24% to
48% over Model 1.
Model 4 was applied for the data sets that include the REASON variable and adds this
variable at level-1. The results from these three analyses produced the following R 2L1 values
summarized in Table 5.4.
Table 5.4
Model 4 R2L1
R2L1
0.0100
0.0220
0.0019

Data set
Subset of Full Sample with Reasons
Math Sample with Reasons
ELA Sample with Reasons

The reason variables had little impact on the variance, explaining between 2.2% to 0.19% of the
remaining level-1 variance for each data set.
Research Question Three: Significant Student-level and School-level Predictors
The purpose of Model 3 was to identify which student-level and school-level variables
were associated with student achievement. The model was analyzed six times, twice for each
prior GPA type: overall GPA, Math GPA, and ELA GPA. Each of these has two data sets. The
first consists of all students that have entries for the prior GPA and ROS GPA variables. The
second is a subset of the first with only the students from cohorts who were asked the reason why
they selected online coursework.
Student-level variables. For all six of the Model 3 analyses, prior GPA was a significant
positive predictor of student achievement at p < .001. For overall prior GPA, the overall ROS
GPA increased an average of 0.59 for each 1.0 increase in prior GPA. For the six analyses, the
increase was the highest for overall GPA at 0.59 and 0.63. For Math ROS GPA, the increases
were 0.41 and 0.44, and they were 0.40 and 0.45 for ELA ROS GPA.
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Student special education status was a significant negative predictor of student
achievement in all six analyses. For overall ROS GPA, this variable was significant (.01 < p <
.05) for the full data set with special education students having a ROS GPA an average of 0.23
points lower and 0.22 points lower for the full sample with the REASON variable. For Math
ROS GPA and ELA ROS GPA, special education status is significant at a more statistically
significant level (.001 < p < .01 or p < .001). Math ROS GPA was an average of 0.35 and 0.46
points lower for special education students, and ELA ROS GPA was an average of 0.27 and 0.33
points lower for special education students.
Student socioeconomic status was a significant negative predictor in five of the six
analyses done on Model 3. It was not significant for the Math ROS GPA sample set that included
the REASON variable. For overall GPA, students who qualify for free/reduced lunch had an
average decrease of 0.17 for the full sample and 0.13 points for the subset of the full sample with
reasons. The Math ROS GPA for students was 0.11 points lower on average, and the ELA ROS
GPA for these students was an average of 0.25 and 0.21 points lower.
The cohort variable was utilized as a control variable that identified the school year
students enrolled in order to account for potential program changes that occur over time. It was
significant or marginally significant in three of the six studies of Model 3, and this included all
the data sets that did not include the REASON variable. Cohort was a significant positive
predicator of student achievement. For each year students enrolled following cohort one, their
overall ROS GPA increased an average of 0.046 points, Math ROS GPA increased 0.042 on
average, and ELA ROS GPA increased an average of 0.10.
Grade, an indication of the grade level that a student enrolled in the ROS, was a
marginally significant negative predictor Model 3 of the ELA Set with Reasons. Students’ ELA
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ROS GPAs decreased an average of 0.10 points for each grade level they enrolled in the ROS
after 9th grade. The level-1 and level 2 significant predictors are summarized in Table 5.5.
Table 5.5
Significant Student-level and School-level Predictors
Full
Sample
Model 3

Full
Sample
with
Reasons
Model 3
/Model 4

Math
Sample
Model 3

Math
Sample
with
Reason
Model 3
/Model 4

ELA
Sample
Model 3

ELA
Sample
with
Reasons
Model 3
/Model 4

N/A
N/A
***

N/A
N/A
***/***
/
/
** / **
** / *
/
†/
/
/
/
/
/
/

Level-1
Prior GPA
***
*** / ***
N/A
N/A
Prior Math GPA
N/A
N/A
***
***/***
Prior ELA GPA
N/A
N/A
N/A
N/A
Gender
/
/
Race
/
/
Special Education
*
*/*
**
*** / ***
Socioeconomics
***
*/†
†
/
Cohort
**
/
†
/
Grade
/
/
Attendance Reasons
N/A
/
N/A
/
Behavior Reasons
N/A
/
N/A
/*
Family Reasons
N/A
/
N/A
/*
Flexibility Reasons
N/A
/
N/A
/
Health Reasons
N/A
/*
N/A
/
Other Reasons
N/A
/
N/A
/
Level-2
School Enrollment
/
/
School Socioeconomics
/
/
School SAT
**
*/*
/
School % BLACK
/
/
School % HISP
/
/
Note: *** p < .001; ** .001 < p .01; * .01 < p < .05; † .05 < p < .07

**
**
***
N/A
N/A
N/A
N/A
N/A
N/A

/
/
/
/
/

School-level variables. Average school SAT proved to be the only significant positive
predictor of student achievement at level-2. It was significant for the analyses of both the overall
ROS GPA data sets and not significant for the Math or ELA GPAs. For the overall GPA,
student’s ROS GPA increased an average of 0.35 and 0.34 points for every 100-point increase in
the average SAT score of their sending school.
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Research Question Four: Reasons Association with Student Achievement
After all the student-level and school-level variables were included in the analysis, the
reason category variables were added to the model to determine if there was an association
between these variables and student achievement utilizing Model 4. The results indicated that
Health was a negatively significant predictor of student achievement for the Full Set with
Reasons indicating an average decrease of 0.25 points in Overall GPA at the ROS. For the Math
Sample with Reasons, Behavior was a positive predictor with a 0.46 average increase in Math
GPA and Family was a significant negative predictor with a 0.50 average decrease in Math GPA.
All these significant predictors had small effect sizes.
Summary of Key Findings in the Context of the Literature
The factors selected for this study were identified through a review of the literature
surrounding the performance of students in online coursework. A summary of the previous
findings as they relate to the findings of this study is presented in Table 5.6.
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Table 5.6
Key Findings in the Context of the Literature
Stamas (2021) Findings
Level-1: Prior GPA proved to be a significant
positive predictor in all six analyses
Level-1: Special Education proved to be a
significant positive predictor in all six analyses
Level-1: Socioeconomics proved to be a
significant negative predictor in five of six
analyses
Level-1: Cohort proved to be a significant
positive predictor in three of six analyses
Level-1: Grade Level proved to be a significant
negative predictor in two of six analyses: overall
GPA with reasons and ELA GPA with reasons
Level-1: Behavior was a significant positive
predictor of student achievement for one of three
Model 4 analyses: Math GPA
Level-1: Family was a significant negative
predictor of student achievement for one of three
Model 4 analyses: Math GPA
Level-1: Health was a significant positive
predictor of student achievement for one of three
Model 4 analyses: Overall GPA
Level-1: Non-White status was not a significant
predictor of student achievement
Level-1: Gender was not a significant predictor of
student achievement
Level-1: The Attendance, Flexibility, and Other
reason variables were not significant predictors of
student achievement
Level-2: School Average SAT proved to be a
significant positive predictor in two of six
analyses: both overall GPAs
Level-2: School Enrollment , Socioeconomics, %
Black Enrollment, and % Hispanic Enrollment
were not significant predictors of student
achievement

Previous Research Findings
Affirms work by Asarta & Schmidt, 2017; Hachey,
Wladis, & Conway, 2014; Hachey, Wladis, & Conway,
2015; Harrell & Bower, 2011; Rankin, 2013; Roblyer,
Davis, Mills, Marshall, & Pape, 2008
Affirms the research of Fernandez, Ferdig, Thompson,
Schotke, & Black, 2016 and contradicts work by Liu
and Cavanaugh, 2011; Larwin, Erickson, & Given,
2015
Affirms work by Berkowitz, Moore, Astor, &
Benbenishty, 2017; Liu and Cavanaugh, 2011
Control variable that does not appear in previous
research
Affirms research by Hung, Hsu, & Rice, 2012 while
contradicting work by Roblyer, Davis, Mills, Marshall,
& Pape, 2008; Vella, Turesky, & Hebert, 2016;
Yukselturk & Bulut, 2007
Not previously analyzed
Not previously analyzed
Not previously analyzed
Affirms findings by Kupczynski, Gibson, Ice,
Richardson, & Challoo, 2011 while contradicting
research by Boerner, 2015; Fernandez, Ferdig,
Thompson, Schotke, & Black, 2016 ; Kaupp, 2012
Affirms work by Kupczynski, Gibson, Ice, Richardson,
& Challoo, 2011; Yukselturk & Bulut, 2007 while
contradicting findings of Fonti, 2015; Hung, Hsu, &
Rice, 2012; Vella, Turesky, & Hebert, 2016
Not previously analyzed
Not previously analyzed

Not previously analyzed
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Discussion and Implications
The purpose of this project was to identify significant predictors of student success for
high school students enrolled at a regional online school. Since the students have previously
attended many different local high schools prior to enrolling in the ROS, student-level factors
and school-level factors were included in the study to analyze their potential impact and to
account for the multi-level nature of the data. This study also analyzed the variation in student
achievement and how it was explained within-schools and between-schools. Finally, the reasons
that students opted to enroll in an online regional high school were analyzed to determine if the
reason categories were significant indicators of student achievement.
Demographics
The data sample for this analysis varied from the countywide data in several ways. The
racial composition of students at the ROS varied from the county average with 59.8% of students
in the county being White as compared to 71.2% of the ROS enrollment. Enrollments for Black
students was below the county average by approximately 3 percentage points and there were
approximately 6.5 percentage points fewer Hispanic students enrolled. Student socioeconomic
status for the ROS enrollments were also below the county average with 33.1% of students in the
program qualifying for free or reduced lunch as compared to an average of 47.7% students in the
county. The ROS’s racial and socioeconomic demographics difference from the countywide
averages showed varied consistency with Ahn and McEachin’s (2017) research that studied
online or charter school enrollments and school choice. Their study found that students who have
a lower SES are more likely to leave their local districts for a charter or online school. That was
not the case for this data set since the ROS average was below the county average for SES
enrollment. Ahn and McEachin (2017) along with Fernandez et al. (2016) also found that White
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students were more likely to select online schools, which was consistent with the current study’s
findings.
The ROS enrollment consisted of 91.3% non-Special Education students while the county
average during this time was 88.7%. This difference, 2.6%, may not be a meaningful number and
may, instead, be representative of the decision-making processes of IEP teams based on their
determinations of who they believe can be successful or can attempt enrollment in an online
environment. There are students with Special Education services for which an online classwork
does not represent the least restrictive environment and the county-wide total for Special
Education includes students with severe disabilities that would not be eligible for this type of
program. Without a breakdown of the categories of the students’ disabilities, no conclusions
about whether the percentage of those enrolled without a disability is below or above the county
average. Reevaluating the countywide percentage of Special Education students with the added
step of excluding students whose disabilities would preclude them from eligibility to enroll in an
online program would provide a better comparison. This recalculation may adjust the
countywide average to a percentage of eligible Special Education students to be closer to or
above the 91.3% enrollment level of the ROS.
Finally, the gender distribution of enrollments at the ROS showed that 54.3% of
enrollments at the ROS were females. During the same time, the county average indicated that
48.6% of student enrollments were female, a difference of 5.7%. Prior research did not identify
that female students were more likely to enroll in an online course. However, several studies
indicated that female students had higher achievement in these courses (Fonti , 2015; Hung et al.,
2012; Vella et al., 2016). The difference in enrollments at the ROS is unlikely to indicate the
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understanding that female students tend to be more successful as the analysis did not indicate
gender as a significant predictor of success.
The analysis of the data provided results supporting the research that indicates programs
of this type tend to create more racially and socioeconomically homogenous student populations.
Educators in these environments should consider the processes by which they market these
programs and the barriers that exist for students to attend. These barriers prevent the equitable
provision of all options for students.
Variance
The unconditional model identified that the full data set showed 12% of the variance in
student achievement existed between schools with 88% within schools. This was well within the
general expected value for between-school variance (Rodriguez et al., 2018) and it narrows the
range of between-school variance identified by Liu et al. (2011) for academic achievement in
online courses. Once the level-1 variables were added for Model 2, the remaining unexplained
within-school variance was reduced 35% from Model 1, leaving almost two thirds of the original
level-1 variance unexplained for the Full Student Sample. For Model 3, the addition of the level2 variables reduced the unexplained variance between schools from Model 1 by almost 48%. At
the same time, only one of the level-2 variables was a significant predictor of student
achievement. Model 4 added the level-1 reason variables which had relatively small impacts on
the variance explained at level-1 compared to Model 2, ranging from 0.19% to 2.2%.
Based on these results, the difference between the schools sending students to the ROS
does explain a meaningful portion of their academic results for online environments. The school
characteristics matter and the factors identified for this research accounted for almost half of that
variance. However, these factors did not prove to be significant predictors apart from the
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schools’ average SAT score which was significant for overall ROS GPA. This variable was
selected as a representation of the academic rigor represented within the school. What additional
factors are significant? What additional information about the sending schools can help explain
the variance and further inform the work of educators? By identifying the variance between
schools as an important factor to consider for student success in an ROS, this research has
identified a focus area for further work in this area.
The differences in the impact on variance that exists between the different content areas
is also important to note. The within-school variance was reduced by 35% for the overall GPA
when the level-1 variables were added, but the reductions were 24% and 23% for mathematics
and ELA, respectively. At level-2, the between-school variance was reduced 48% for the overall
GPA and 46% for the mathematics GPA, while the reduction was only 35% for the ELA GPA.
The included variables explained less variance in Math performance within-schools and less
variance for ELA both within-schools and between-schools.
Significant Student-Level Predictors of Student Achievement
The most impactful significant predicator of student achievement was, not surprisingly,
prior academic achievement. This is consistent with the research finding in the literature review
and this study reinforced these findings. Regardless of why a student chose an online
environment or the explanation of the issues, their prior GPA can be used as an immediate
indicator of their potential academic success or struggles. For educators, it is important to
understand that prior academic achievement is an important factor when identifying students
who may need support immediately as they transition into online programs.
Special Education status also carries with it an indication of how students may perform. It
had more of a negative impact on Math performance than on overall GPA or ELA GPA. The
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nature of the identification of disabilities and the development of IEPs can show the specific
academic needs of students. As such, students with IEPs will already have supports mandated by
in their IEP. This finding highlights the importance of the immediate implementation of these
supports. At times, a transition of programming between schools creates a delay in the
implementation of supports. This delay may create initial academic losses or gaps in
achievement and understanding for students who are already at risk of performing below their
peers even when their IEP supports are in place. Additionally, an understanding of the types of
accommodations that are most effective in this environment is crucial to inform the development
of a student’s IEP.
Student socioeconomic status was also shown to negatively impact student achievement
in the ROS, including an approximately quarter-point drop in GPA for ELA classes. This affirms
the research surrounding online classes (Berkowitz, Moore, Astor, & Benbenishty, 2017; Liu and
Cavanaugh, 2011) and aligns with the trends that exist in education. Federal Title 1 programming
exists to support students in this group because this correlation is a known issue and educators in
this environment should continue to design and implement programmatic supports for these
students utilizing proven strategies for this at-risk population.
Finally, cohort and grade were significant predictors with a small impact on students’
academic achievement. A control variable, cohort showed that programmatic changes or changes
in enrollment patterns over time did have an impact on student achievement and its inclusion
helped control for the possible impact this would have had on the other variable studied. Possible
programmatic changes that may have influenced this result include a change in staffing at the
instructor and administration level, staff professional development, implementation of student
interventions, changes in student orientation, and upgrades to the online content. Enrollment
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shifts may also have occurred as the staff enrolling students in the ROS from the prior schools
gained a better understanding of which students tended to be more successful in the program.
Grade was included, as a proxy for age, to help control for the potential differences
between the performance of freshman and seniors entering an online environment for the first
time. This variable was only significant for ELA achievement with a small impact, less than a
tenth of a point per year. Prior research was mixed on the significance of age as a predictor of
success with results indicating it was not significant (Yukselturk & Bulut, 2007), on the cusp of
significance and included in a predictive model for accuracy (Roblyer, Davis, Mills, Marshall, &
Pape, 2008), or predictive of success with younger students showing better achievement (Hung,
Hsu, & Rice, 2012). With these mixed results, more study is warranted with a focus on why ELA
proved to be significant in the current study.
Significant School-Level Predictors of Student Achievement
In this study, between-school variables explained approximately 12% of the variance in
student achievement. Adding the level-2 variables in this study reduced the variance by 48% for
the Full Sample, accounting for almost half of the variance. Average school SAT did prove to be
the only level-2 significant predictor of student achievement. This variable was included to serve
as a description of each school’s overall academic performance and to serve as a measure of the
school’s level of academic expectations. Potentially, this result shows that there is a correlation
between the academic expectations in a school that results in higher SAT performance and better
performance for students from these schools in online environments relative to students from
schools with a lower SAT performance. This finding is important because of the control at the
student level including FRL, prior achievement, and others, and the control at the school level
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including average FRL, average percentage of Black enrollment, and average percentage of
Hispanic enrollment as school-level variables.
Reason for Choice of ROS
The analyses of the reason categories produced results that included significant predictors
with small effect sizes. However, these predictors did not prove consistent to the three different
types for GPA. For Overall GPA, students that identified Health concerns, mental and physical,
had less success. Knowing this connection will permit schools to anticipate the needs of these
students. Further exploration to identify if the type of health concern, mental or physical, matters
would provide greater clarity and focus for supports. Students with behavioral reasons for
enrollment performed better, on average, in Math classes. This may be indicative of the limited
impact that these issues have on their content mastery in this Math, or that the change in
environmental expectations and asynchronous nature of the ROS ameliorate this factor as it
applies to academic success. When working with students with this concern, this result highlights
that potential for online Mathematics courses as a first step for students transitioning to online
coursework. Finally, family concerns were also a significant predictor having a negative impact
on student achievement in Math. Students experiencing family turmoil likely require additional
supports and, as such, it may be advantageous for these students to not begin their online work in
this academic area.
Leadership Recommendations
The results of this research provide several recommendations for educational leaders. The
first recommendation is to utilize the significant predicators of student achievement as a set of
factors to shape discussions with students and parents about their potential successes or struggles
in online environments when considering enrollment options. Preemptive measures to educate
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those considering choosing online coursework help students and parents understand what to
expect. Second, these factors should also be utilized for planning sessions with staff in online
programming to identify students that should be prioritized for supports as they enter online
programming. This prioritization of students for coaching, mentoring, and intervention services
will provide immediate supports to promote initial success for students. Finally, the significant
health, behavior, and family reason variables identify specific questions to ask students during
enrollment and provide guidelines for interventions and scheduling of coursework for students
identifying these reasons. While the effect size is small, the results do indicate that students with
behavioral reasons for enrolling perform better in mathematics courses. Scheduling these
students to begin working in mathematics classes first provides the possibility of initial success
as they begin working in online coursework. Conversely, students with family reasons for
enrollment have lower achievement in online mathematics and should not begin their work in
these courses to avoid initial struggles. This information, in conjunction with the prior
mathematics GPA information, can also create awareness in staff to understand why these
students may avoid starting their work in mathematics classes when provided with the choice of
courses to start. These recommendations are intended to inform the work of educational
leadership working in and designing quality online programing for students.
Recommendations for Future Study
The limitations that exist in this study help identify ideas for areas of further research.
First, when considering Special Education students, the results of this study limit the ability to
apply it universally to special education students without specific information on the nature of a
student’s disability. Further work to include the specific categories of disability or the
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accommodations provided would better illuminate the impact special education status has in this
environment especially as it pertains to Math and ELA performance.
Second, the analysis of the demographics of this data set supported the findings of
previous research that indicated fewer students of color choose online schools. Identifying the
barriers that exist for students of color would help educators reduce them to provide equitable
access. In addition, low-SES students were shown to have lower levels of achievement in online
formats in this study and in previous research. Once again, identifying the barriers for these
students could lead to greater access and equitable provision of online options. With the overlap
of race and low-SES that results in higher percentages of students of color who have a low-SES
status, this need for further investigation into the barriers and reasons for lower performance in
online environments has great urgency.
Third, further analysis considering school-level variables to identify how they impact
student achievement is warranted to identify the connections between school characteristics and
achievement online. Does SAT performance or the other school-level variables in this research
act as a proxy for other factors? Is there a connection between online achievement and the
academic expectations at the sending school? What other variables are significant? School-level
variables had only been analyzed in this area in one previous study (Liu et al., 2011) which
indicated a wide range of between-school variance for student achievement in specific classes,
ranging from 1% to 81%. Further investigation into school-level variables is warranted,
especially in light of the continued growth in this area and the use of online coursework in all
forms of school environments, not just those programs with a regional approach.
Fourth, further exploration into the types of reasons that students identify for selecting
online learning and the impact it has on achievement is warranted. These results show that this
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possibility exists and further focus on this topic is warranted. Enrollments in online courses,
whether partial or full student schedules, continues to increase and a better understanding of the
factors impacting student success is important.
Finally, this data set consists of pre-pandemic information. The dramatic use of online
learning during the school closures that have occurred due to health concerns do not have the
same characteristics. Teacher training, program design, and student choice in the time of a
pandemic are just a few of the variables that may have changed dramatically from pre-pandemic
times and could significantly alter the results of this work. Research into these variables and
results of the use of online learning during the pandemic warrant attention.
Concluding Thoughts
This study was intended to illuminate the factors within-schools and between-schools that
impact the performance of students in online environments. Prior student performance, Special
Education status, and student free/reduced lunch qualification have consistently been shown to
be indicators of student success. Their significance as predictors in online classes is important
information for those considering or working in this area. Coupled with the first look the reasons
online learning is selected and school-level factors, this information, in the hands of students,
parents, and educators, can provide clarity in decision making around the placement and support
of students. It also provides important areas of focus for program improvement and quality to
support student success.
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Intake Assessment
Regional Online School
Student Name:

Date:

Purpose and Instructions:
The intent of this process is to identify the reason(s) that the student and/or parent(s)/guardian(s)
have selected online education. After the intake appointment, please mark any
characteristics that apply to this student. This list is not meant to guide the intake process and
in not intended to be given to the student or parent to complete. Mark all that apply from what
you learn during the natural course of the intake process and return to the lead counselor. Thank
you!
o Attendance Concerns/Truancy
o Death of Parent (Detail:

)

o Expelled/Long-Term Suspension (Reason:

)

o Family, Competitive or Professional commitments
o Flexibility
o Homeless
o Illness of Parent (Detail:

)

o Interpersonal (Bullying, harassment, conflict with others)
o Juvenile Offender (Name of P.O.:

)

o Medical Obstacles (Detail:

)

o Mental Health/Social-Emotional Obstacles (Detail:
o Pregnant/Parenting (Detail:

)
)

o Other (Detail:

)
Comments:
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